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Abstract. Data sharing and mediation across disparate neuroimaging repositories requires extensive effort to ensure that the different domains of data types
are referred to by commonly agreed upon terms. Within the SchizConnect project, which enables querying across decentralized databases of neuroimaging,
clinical, and cognitive data from various studies of schizophrenia, we developed
a model for each data domain, identified common usable terms that could be
agreed upon across the repositories, and linked them to standard ontological
terms where possible. We had the goal of facilitating both the current user experience in querying and future automated computations and reasoning regarding
the data. We found that existing terminologies are incomplete for these purposes, even with the history of neuroimaging data sharing in the field; and we provide a model for efforts focused on querying multiple clinical neuroimaging repositories.
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1

Introduction

Using magnetic resonance imaging (MRI) in cognitive neuroscience and neuropsychiatry has resulted in decades of study-specific datasets being stored at various research institutions or in warehouses of archived data[1]. These data may or may not
have been used in a publication, or even analyzed; however, they can in many cases
be combined in new analyses, or re-examined with new methods for new findings.
They form an investment in brain images and information that needs to be capitalized
upon.
As a result of the neuroimaging community’s growing awareness that MRI datasets
can and should be shared for accelerating scientific discovery, a large number of repositories have been developed and made available. Recent developments on data
harmonization have led to the creation of national databases such as the National Database for Autism Research (NDAR)[2]. Within the imaging community studying
schizophrenia, it was recognized that large scale datasharing would encourage reproducibility, generalizability, and special analyses of rare subjects[1, 3]. The data repositories developed by the Functional Imaging Biomedical Informatics Research Network (FBIRN; [3-5]), by the Mind Research Network (MRN)[6, 7], and the XNAT
Central project[8-10], all included schizophrenia research imaging datasets, with the
associated clinical and subject-specific information. These repositories were all developed with an eye toward solving the problem of data sharing: the FBIRN system,
the Human Imaging Database, HID, is a federated system that allows the same database to be installed and queried across various collaborating institutions. It has a userbase of about 25, with several thousand downloads (D.B. Keator, 2015, personal
communication). The database was carefully designed to be extensible and generalizable to archive clinical, imaging, and any other data type from any sort of study.
The MRN system, the Collaborative Imaging and Neuroinformatics System or
COINS, also includes a complex but extensible relational database to both archive
data and manage ongoing projects, with additional tools for importing images and
linking to imaging pipelines, anonymizing data on the fly for sharing, managing data
sharing requests, etc. Including both data providers and data users, it has a userbase of
over 1300 unique users in 38 states and 34 countries around the world
(http://coins.mrn.org/index.php?page=userMap). The XNAT Central system is a
lightweight data management system primarily for archiving and sharing imaging
data from a variety of studies; it has a userbase in over 100 different institutions, each
with approximately 50 users (D. Marcus, 2015, personal communication).
The SchizConnect project (www.schizconnect.org)[11] was developed to connect
these and related imaging repositories so that a single query, e.g. for the data from all
male subjects with schizophrenia and a DTI scan who have some measure of executive function, could return information from all the available schizophrenia imaging
repositories. In these three example repositories are data from several hundred patients and an equal number of control subjects from several different studies (for a

total of 1091 subjects as of the time of writing). The data types per subject included
the imaging data from structural and functional imaging, the subject specific demographics such as age, gender, diagnosis, and other measures, the subject’s scores
on clinical scales regarding various symptom profiles, and the subject’s scores on
cognitive test batteries. Each study in the various repositories had its own design, with
its own choice of variables and scanning data for each subject. In some repositories,
the imaging and clinical data are kept in separate databases with linking IDs; in others
there are very stringent access rules to data, with complex layers of approval for any
query that may vary with the study being queried. The details of SchizConnect’s mediation system to solve this problem are presented in a companion paper. In this paper
we describe the work we have done in harmonizing the terms used across the different
sources and studies.
There are at least two usages of “harmonization” that come up in this project. The
first is harmonizing data from different studies so that a data point from one study
means the same thing as that data point in a different study from a different research
team. We know, for example, that different MRI machines do not create identical
pictures of the same brain[12-14]; different machines will provide unique regional
contrast values across tissue types, and different imaging protocols will introduce
specific distortions in the image. While cognitive neuropsychology tests are often
harmonized, so that for example, an IQ of 100 is roughly comparable regardless of the
specific standard IQ test, and clinical scales are standardized so that for a given scale
neuropsychiatrists know what a score of 0,1,2, etc. should mean for the severity of the
subject’s symptoms, it turns out that without careful calibration of the observer or
clinician, the same subject with the same clinical interaction may receive a different
value from different raters. “Harmonizing” the data in this case means taking into
account that both the people and the machinery used to collect the data introduce a
bias or effect which is different from study to study, and harmonization methods remove that to make the data more directly comparable across sources.
The second meaning of “harmonization” is much simpler, on the one hand, but
much more basic to the aims of datasharing, on the other. In building data repositories, many decisions are made that are specific to that particular repository or study,
about what they will call different datatypes. The mediation efforts include implementing queries to each data source, so that the general user’s query can be translated
into a query that will retrieve the right data from each database regardless of differences in the database’s structure. While the bulk of that work is in dealing with the
structural differences in the database models, there are terminology differences which
also need to be solved. In one study’s data a structural MRI scan may be listed informatively as “T1-weighted scan”, or something as complex as “5MPRAGE-AVG”
or just “scan1”, which assumes someone knows that to get the T1-weighted structural
images they should look in “scan1”. Harmonizing the data in this case means mapping the terms to standard terms that capture the semantics of what the data actually
are, to help the user and eventually automated systems find the right data.
Lists of standard terms with definitions and uniform resource identifiers (URI) are
often described as ontologies. Technically, a fully-developed ontology also includes
logical definitions and relationships among the terms, rather than just a terminology

list[15]. However, many ontologies or simpler lexicons have been published and
shared for general use either with or without the more rigorous logical definitions,
with the goal of providing standard terms that can be referred to by semantic web
technologies. Ideally, within SchizConnect the terms being used for harmonization
would also be standardized, with clear definitions and permanent URIs, so that there
is less ambiguity both from the human user and from eventual automated systems
when performing queries across resources.
Thus our goals in this part of the project were to develop three terminologies for
the multiple data domains available across the resources: 1) imaging types, 2) cognitive measures, and 3) clinical variables. We identified first what the needed terms
were, identified a basic data model for each domain, and examined the available ontologies and terminology resources for possible standardized terms. In many cases the
existing terminologies were not adequate, which entails development and dissemination of new terms. This project builds on many previous efforts, and provides a research-oriented integration of several different facets in service of a single endeavor,
as an example that can be leveraged in turn for other similar projects. We describe the
needed steps and specific issues we faced; the specific terms and definitions are available for download from SchizConnect.org.
2

Methods

2.1

Identifying the needed terms from sources

We extracted the database-specific terms from the different source repositories,
and identified the different terms used for the same datatypes. Each data repository
team provided a list of the variable names that could be queried, broken up into
whether they referred to imaging data, or other variables. The terms were then compared, to identify which terms were actually referring to the same thing, or different
things. This required extensive human interaction across teams, to identify when variable names were being used consistently both within and across repositories.
A key issue in determining terms and definitions is to consider the granularity of
the queries: Identifying that a subject has a particular standardized image type or clinical variable is one level, and that is the level that SchizConnect is focused on facilitating in this initial development. On the other hand, querying based on what the
measure is about or what it is supposed to measure is a very different level of granularity. Many data points are actually composite, in that they are sums of measures on
different questions about a subject’s level of social function, for example; querying
whether there is a measure of anxiety included on any test available in the repository
requires a fine-grained semantic modeling which is not yet available through SchizConnect. Similarly, the functional MRI studies include cognitive behavioral tasks
collected during the scan, measuring cognitive processes such as working memory or
auditory processing; querying whether the fMRI data includes experimental conditions that entail specifically visual working memory, for example, requires an infrastructure that we want to be able eventually to include in our modeling.

2.2

Mapping the source terms to a domain model

Once the variables were identified and roughly defined, we then identified the domain model, or the hierarchy of terms for each of our three domains (imaging, clinical, or cognitive neuropsychological measures). In order to determine the hierarchy
we compared our models with existing ontologies, and with the understanding of the
terminology inter-relationships that the userbase for SchizConnect had.
For each term that we included in the domain model, we then identified the definitions of each term, mapping to other source ontologies when possible. We chose to
use several established sources, namely UMLS, SNOMED, NIFSTD/Neurolex[4, 16,
17], and Cognitive Atlas/Cognitive Paradigm Ontology (CogPO) [18, 19].We also
searched Bioportal.bioontologies.org[20] for potential matches, as that simultaneously
searches several hundred biomedically relevant ontologies. However, we prioritized
the ontologies listed previously as sources of terms, since not all ontologies that have
been published are either complete or being actively maintained.

2.3

Build the terms into the Mediator and Query Portal

The primary use of these terms in the current instantiation is for human users, to
facilitate their understanding of how to query for what they might want. Thus these
terms form the basic vocabulary for querying SchizConnect. As the hierarchies are
developed, the querying interface develops to incorporate them, and the mediator
system uses them and mappings to the terms in the sources to build the executable
queires sent to the data sources. The details of how this is done are presented in a
companion paper by Ambite et al. on the SchizConnect mediator.
3

Results

The spreadsheets of the different terms, their hierarchical structures and definitions
are available for viewing and download at schizconnect.org. The terms are in the process of being submitted to Neurolex (www.neurolex.org) when Neurolex URIs do not
already exist.

3.1

Imaging hierarchy

Collecting all the specific variable names for the imaging sessions across the different repositories, we identified 632 idiosyncratic labels (e.g., “ep2d_words” for a
particular task-based fMRI scan, “MR-010” for a structural scan). In order to find all
the T1-weighted images that could be used to extract brain volumes from the COINS
repository, for example, one needed to know that across all the available studies there
were 29 different terms for that kind of image. Our final, harmonized list currently
consists of 22 unique terms.

We modeled the original imaging labels as referring to several basic types of imaging data: Structural, Functional, Fieldmapping or Perfusion. Every imaging series
that is collected can be in only one of these categories. Structural scans measure the
anatomy of the brain, and under Structural scans we included T1, T2, and Diffusion.
(See Figure 1.) These are shorthand for, respectively “3D T1-weighted scan”, or
nlx_inv_20090243 from NeuroLex; “T2 weighted MRI 3D image”, or nlx_156812;
and “Diffusion weighted MRI 3D image”, or nlx_156811. Functional scans are also
referred to as functional MRI or fMRI, and measure the Blood Oxygenation Level
Dependent (BOLD) signal changes. This label is defined as “Functional MRI Assay”
or nlx_inv_090914 from NeuroLex. Perfusion scans include Arterial Spin Labeling
(ASL) scans, which measures the flow of blood through the brain, generally speaking.
Fieldmapping are scans collected specifically to measure distortion in the magnetic
field. Neither of these terms had matches in NeuroLex. The functional MRI scans
were separated by “resting state” or “task-based”, and if task-based, what the task
was. The task could often be linked back to a pre-defined term in CogPO or Cognitive
Atlas.

Fig. 1. Example of the Imaging Hierarchy being used in the Query portal for SchizConnect.

This hierarchical structure specifically reflects the research community needs; it is
very different, for example, from the hierarchical structure for RadLex[21, 22]. We
decided on function or intent of the scanning protocol as the basis for categorization,
rather than the imaging parameters per se. Radiologists and MRI physicists would
organize the scanning types very differently, based on exactly what the scanning sequence parameters and details were. In our case, not all T2-weighted scans are structural; a T2-weighted scan that was used to measure some marker of brain function
would be classified under “Functional.” However, within the structural images, dis-

tinguishing a T1-weighted from a T2-weighted image is very important for analysis
purposes and thus is modeled explicitly.
The choice of labels of “Structural” or “Functional” is shorthand for the benefit of
the cognitive neuroscience or neuropsychiatric research community, who look for
images that they can use to identify brain measures reflecting anatomy or physiology.
This is very similar to the structure identified separately in the Quantitative Imaging
Biomarker Ontology (http://purl.bioontology.org/ontology/QIBO)[23], which
also explicitly breaks imaging measurements into “Anatomical” and “Functional”
classes.
3.2

Neuropsychological assessments hierarchy

There were several standard cognitive batteries included with the various datasets,
which overlapped in what they measured (attention, memory, verbal fluency) etc., but
not in the particular test used. In consultation with neuropsychologists, we identified
11 subdomains, each of which had several specific tests or test modules which measured it. Examples are shown in Figure 2 below. Specifically, under measures of “Verbal Episodic Memory”, the available datasets included scores from several standardized tests of immediate or delayed recall and recognition. Overall, we began with 67
neuropsychological tasks terms across the different datasets and reduced it to 49
common tasks at the most granular level. Many of the general domains as well as
specific tests had terms with URIs from Cognitive Atlas, rather than SNOMED or
other sources.

Fig. 2. Part of the Neuropsychological assessment hierarchy for querying in SchizConnect. The
number of subjects with data from each assessment are included in parentheses to help users
identify the most common data types.

3.3

Clinical hierarchy

Within the Clinical section we included the Subject Types and measures specific to
aspects of disease. We started with approximately 70 idiosyncratic terms and reduced
that to 55.
Given the datasets we were harmonizing worked primarily with studies of people
with schizophrenia or healthy control subjects, the list of subject types was expected
originally to include two terms: schizophrenia or control. That however did not fit the
reality of the datasets. Some inclusion and exclusion criteria were different across
datasets: Some included only subjects who strictly fit the definition of schizophrenia
with no previous different diagnoses; other studies were more broad and allowed
subjects with schizoaffective disorder. The “control” samples were even more heterogeneous, in that each had their own exclusion criteria and others were more lax, requiring only no history of clinical psychosis. The one aspect that could be agreed
upon for the “control” subjects was that they had no known or listed diagnoses at the
time of inclusion at the study. There is no guarantee across all studies that they were
healthy from the point of view of their cardiovasculature, occasional illicit drug use,

exercise or sleep habits, for example, since screening and exclusion criteria were
study-specific.
Thus the hierarchy under “Diagnosis” included: either “Mental Disorder” or “No
Known Disorder”; under Mental Disorder was included “Psychotic Disorder” (allowing for multiple diagnoses later perhaps including non-psychotic disorders); as subclasses of Psychotic Disorder, both “Bipolar Disorder”, and “Schizophrenia (Broadly
defined)”; then as subclasses of Schizophrenia (Broadly defined) were strict “Schizophrenia”, and “Schizoaffective”. See Figure below. This terminology is in principle
expandable to include specific terminologies such as the ICD10 codes, or DSM-V
codes, but that is not the researchers’ data. Specific diagnostic codes were not available, only whether a person fell into one of two groups: cases or controls.

Fig. 3. Diagnostic categories currently used in SchizConnect.

Symptom severity measures and other clinical measures draw largely from standardized, published scales that fall into specific classes based on what they measure.
We identified 14 subdomains or aspects of disease measured in these studies, such as
“Extrapyramidal symptoms”, “Structured Interviews for Diagnosis”, or “Mood,” most
of which had several scales used across the different studies. These classes do not

have matches in any of the ontology sources we have examined to date; the standardized assessments largely can be pulled from SNOMED.
However, there were also idiosyncratic questionnaires to be included, such as specific post-imaging questionnaires assessing whether scanning exacerbated specific
symptoms. That particular questionnaire may never be used again by another imaging
study, but making it available through SchizConnect lets other researchers know it is
there, leading them possibly to collect the same data, and more assessments may fall
into that class in the future.
3.4

Evaluation

The SchizConnect portal has incorporated these terminologies in the querying capacity as shown above. Examples are shown in Figures 4, 5, and 6. An example final
query is below, showing a request for male subjects with broadly-defined schizophrenia and a DTI scan who have some measure of executive function. The numbers of
subjects meeting each filter is given in the upper left of each square box. The interface
is a drag and drop one, based on the current Data Exchange interface from
COINS.[24] The result in Figure 5 is the number of imaging datasets from how many
unique subjects available across the various repositories; in this case, 286 images
from 140 subjects. The user can then proceed to request the data or go back and modify their query. After signing the appropriate data sharing agreements, the user can also
obtain the individual-level data, an excerpt of which appears in Figure 6.
Given the hierarchy we have included in the terms, investigators can query for subjects who have data at any level—requesting subjects who have any data on their
executive function, for example, will return currently 402 subjects who have data
from any of a number of cognitive tests. Or the query can drill down for only the subjects with data from the TrailMaking Test-B (TMT-B), to maximize comparability in
the resulting dataset.

Fig. 4. Example query in Schizconnect, using the standardized terms.

Fig. 5. The results of the query from Figure 4. The user can then proceed to request the data
from the different repositories.

Fig. 6. An excerpt individual-level results of the query from Figure 5. To obtain individual
level results the user needs to sign the appropriate data sharing agreements.

4

Discussion

Even with decades of work in the research community developing ontologies and
terminologies to facilitate common communication across data repositories, we have
identified several issues with the existing resources. It is simply not the case that we
can identify the needed term for any given variable in any given clinical neuroimaging study from the work already done in UMLS or SNOMED or other sources. In this
work, out of almost 200 terms needed, fewer than 50 have already been defined and
given URIs, and the rest need new terms.
Given the close collaborations between NIF and other ontology developers, both
Cognitive Atlas and CogPO terms have Neurolex IDs. We chose to use the Neurolex
IDs and include the original terms as synonyms. This was not an issue for UMLS and
SNOMed as the overlap between them and other sources was much less. This leads to
the different terms used in SchizConnect having different source ontologies, which
may lead to issues in the future for automated reasoners, given the lack of logical
rigor in many of the sources. This will be an ongoing part of the work, to have the
SchizConnect data models all in a computable form and the terminologies released as
well formed RDF/OWL files. Currently, the imaging model is under discussion with
the International Neuroinformatics Coordinating Facility Data Sharing Task Force
(INCF), as a basis for their OWL representations capturing terms and definition

standards for imaging scan types. The cognitive and clinical models can be coded as
OWL files in the future.
We did not use Common Data Elements (http://www.nlm.nih.gov/cde/) as a source
of terms. Common Data Elements address a problem common to data sharing, that
different studies use different data collection questionnaires, scales, and assessments.
The CDE effort for many biomedical research domains is attempting to identify a
minimum common core of measures to collect, and tools with which to collect them.
Thus CDEs are often just pdfs of questions, not compatible with semantic web needs.
Rather than define what an existing dataset’s assessments are, and represent the semantics in some way, they are proscriptive for future datasets. They reduce semantic
uncertainty through providing a common set of measures, but not necessarily providing the semantic information regarding those measures. With the exception of the
NINDS CDEs (http://www.commondataelements.ninds.nih.gov/CDE.aspx), there is a
common lack of definitions and an overreliance on common usage, in the terms; URIs
for individual terms are not always available; and they are often not available in an
OWL/RDF format or other format which would allow extensions into computable
representations of the terms, with automated reasoning available eventually. The NIH
Toolbox, a set of cognitive assessments being recommended for use in clinical studies, was not used for any of the studies being modeled in the data repositories; if datasets which used the NIH Toolbox are accessed in SchizConnect in the future, we
will assess the state of the relevant CDEs at that time. The CDEs are in ongoing development and will be integrated into the terminology usage whenever possible.
Common repositories of terminologies for clinical neuroimaging research are
needed; UMLS is big, but not flexible enough for the day to day needs of modeling
novel neuroimaging experiments where new variants of old concepts arise regularly.
Bioportal[20] is useful as a repository of lexicons, for comparing across terminology
sets to identify whether a term is already defined somewhere, and provides many
tools for ontology-based data access; but in itself it doesn’t solve the problem of semantically representing what a given dataset of values are and are about. The Ontology of Biomedical Investigation (OBI) is incredibly thorough and logically rigorous for
the domains that have worked on it (vaccines, for example), but it requires expert
effort to extend into new areas[25, 26]. It is in many ways the standard to aspire to for
supporting logical reasoning, once the immediate needs for common terms are addressed. NeuroLex[17] as a repository of terms is flexible, extensible by the community, and well-structured, which is at least the first step in aggregating a common set
of standardized terms.
Finding the neuroimaging and associated clinical data is one aspect of mining and
re-using neuroimaging data; using it is another. SchizConnect has focused on identifying datasets which fit certain high-level characteristics (gender, age, diagnostic
group, scan type etc.). Other collaborative groups include the INCF Neuroimaging
Data Model (NI-DM), which focuses on models of individual subject neuroimaging
data collection, processing methods, and individual or group statistical analysis[27,
28]. The terms for these more detailed concepts also need to be shared in ways that
make their definitions clear, at the very least, for re-use in other projects like SchizConnect. Currently SchizConnect cannot answer more nuanced queries such as “Find

cognitive and imaging datasets that show gray matter loss in the anterior cingulate in
adult patients with childhood-onset schizophrenia”, for example; one might be interested in the patterns of cognitive problems such patients have, and want to mine the
available data to find out. With further development and interaction with the NI-DM
development to represent gray matter loss analyses, and the Foundational Model of
Anatomy (FMA)[29-31] to identify brain regions such as anterior cingulate cortex,
such a query might be possible. This and other similar approaches being used in clinical research[32] would form the foundation for a truly innovative approach to big
biomedical science.
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