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ABSTRACT 

KNOWLEDGE REPRESENTATION AND DATA MINING OF NEURONAL 

MORPHOLOGIES USING NEUROINFORMATICS TOOLS AND FORMAL 

ONTOLOGIES 

Sridevi Polavaram, Ph.D. 

George Mason University, 2016 

Dissertation Director: Dr. Giorgio A. Ascoli 

 

Neuroscience can greatly benefit from using novel methods in computer science 

and informatics, which enable knowledge discovery in unexpected ways. Currently one 

of the biggest challenges in Neuroscience is to map the functional circuitry of the brain. 

The applications of this goal range from understanding structural reorganization of 

neurons to applying them for smart brain-inspired technology. Mining and 

comprehending information from micro and/or macro level data generated at various 

spatial and temporal resolutions is crucial to these goals. This research proposes 

analytical and search tools that contribute towards a more complete understanding of 

functional circuitry by transforming complex biological information into useful applied 

knowledge. As more and more data is being generated informatics tools becomes 

indispensable. The first aim of my research introduces a Neuroinformatic tool called L-

Measure (LM) for quantifying large-scale neuroanatomical data, which is not only 
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particularly applicable to neuronal morphological reconstructions, but also to any other 

generic tree shaped 3D structural data (e.g., angiography, glial processes). One of the 

main functions of L-Measure is comparative geometrical and topological analyses of 

groups of neurons. Community-contributed digitally reconstructed neurons available at 

NeuroMorpho.Org constitute a “big data” research opportunity for neuroscience 

discovery beyond the approaches typically pursued in single laboratories. L-Measure is 

expanded and scaled for a database-wide statistical analysis for investigating robust 

morphological patterns among heterogeneous neuronal reconstructions. In addition, its 

development, maintenance and routine usage for wide range of data stands as an 

exemplar for providing a sustainable software resource to the field. The second aim of 

this research focuses on enabling knowledge discovery through smart context-based 

searches as opposed to string-based searches on the shared experimental metadata. 

Neuroanatomical data that is annotated based on inconsistent terminologies in the 

literature has limited means for re-use or integration. To solve this problem, a novel 

approach of representing metadata as machine-readable hierarchies is proposed. The 

hierarchies represented as formal ontologies constitute the knowledge-base for ontology-

based search engine OntoSearch for mining thousands of reconstructions in 

NeuroMorpho.Org. Applying hierarchical search logic and semantic web technologies, 

OntoSearch provides direct and fuzzy matches to the primary metadata terminologies. 

Facilitated by a simple auto-complete enabled search bar, OntoSearch enhances data 

visibility by at least three times compared to the traditional relational database driven 

querying.
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INTRODUCTION 

One of the basic questions in neuroscience is how the fundamental units of 

information processing, the neurons, are recruited to generate behavior. This 

understandably has broad applications in several domains, including engineering brain-

inspired technology and devising smart computing systems. The neuronal cell classes 

receiving sensory stimuli are observed to generate naturally occurring behavior such as a 

dragonfly catching its prey during the flight. It should be noted that even at the single 

neuron level the distal vs. proximal branching of the dendritic arbors is known to encode 

for a variety of elementary computations involved in such behavior. Therefore 

availability of Neuroinformatics tools for shape quantification of the single cell neurons 

collected from heterogeneous experimental studies and knowledge-based systems for 

analyzing their patterns in reference to the brain regions and species they come from is 

very important for structure-function mapping of the brain. 

 

This dissertation applies computer science and information systems methods to 

develop novel Neuroinformatics tools and ontology-based knowledge systems, for 

mining cellular-level neuroanatomical data. This dissertation is centered on user-

functionality and contributes to Neuroscience in two ways, through the quantitative 

analysis and the knowledge representation of neuronal-arbor reconstructions. The 
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quantitative analysis is enacted via expansion of L-Measure, a morphometric analytical 

software, into an openly distributable toolkit for quantitative measurement and statistical 

comparison of groups of morphological reconstructions, as guided by the user. Further, 

the tool is applied robustly for large-scale analyses on morphological complexity. The 

knowledge representation on the other hand is a novel approach to managing shared 

experimental metadata, as conceptual hierarchies or ontologies, and applying them for 

information-retrieval. As a result, I have developed OntoSearch, an ontology-based 

search engine for mining thousands of reconstructions deposited in the centrally curated 

repository, NeuroMorpho.Org.  

 

The opening chapter provides an overview of the neuroinformatics field with a 

focus on the necessity and application of tools and services to the user community. From 

a survey spanning 5 years of literature from 2010 to 2014 inclusive, it is observed that 

software that is specialized in data analysis and visualization is more dominant in non-

invasive neuroimaging studies when compared to the cellular level studies. However, the 

number of resources involved in anatomical and functional measures is on the high-end, 

irrespective of the scale of study. We predict that the growing availability of data, 

metadata, and informatics tools will progressively increase the scientific impact of 

computational modeling and biologically realistic large-scale simulations. The data 

collected for this review is published as a curated list of over 300 Neuroinformatics tools 

(http://hdl.handle.net/1920/9150) on Mason Archival Repository Service (MARS) portal. 

 

http://hdl.handle.net/1920/9150
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The second and third chapters focus on the development and application of L-

Measure. L-Measure being developed in Java and C++ was engineered to quickly 

quantify complex branching patterns (neuronal wiring) into multidimensional feature 

vectors, which describe their topological and geometrical identity in a compact manner. 

A database-wide investigation of dendritic arbors using unsupervised clustering 

techniques revealed the statistically significant effects of the underlying experimental 

factors, which are robust to lab provenance and methodological artifacts. “Typical” 

neuron groups were mined based on the dominant features such as branching density, 

size, branch tortuosity, and asymmetry index, among others. The statistical groups 

correlated significantly with known experimental factors including neuron types, 

anatomical regions, species, development, and staining. 

 

The last chapter introduces OntoSearch, a novel search functionality for mining 

neuronal reconstructions using most commonly accepted hierarchical knowledge of 

species, brain regions and cell types. The hierarchies leverage phylogenetic tree of life, 

high-resolution anatomical parcellations from gene atlases, and textbook anatomical 

classifications of primate brains, among others. OntoSearch being developed in Java and 

semantic web technologies, represents hierarchies as machine readable formal ontologies 

and uses description logic semantics expressed in web ontology language (OWL) for 

matching the exact and fuzzy data for a keyword search in NeuroMorpho.Org. The auto-

completion of keyword terms provides terminology for searching data that is otherwise 

not possible. For example, searching for “albino mouse” returns as direct hits 
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reconstructions from C57BL6/129SvJ and Swiss-Webster (two types of albino), as well 

as those from albino mice without further specification. Possible hits include mouse 

reconstructions without specified strain. Increasing the data visibility by at least 3 times 

when compared traditional relational database querying, OntoSearch organizes 

NeuroMorpho.Org metadata as versioned ontological hierarchies, and shares them 

publicly on the Bioportal repository of biomedical ontologies. 

 

Both tools are made freely available to the public at http://cng.gmu.edu:8080/Lm 

and http://cng.gmu.edu:8080/neuroMorphoReview/OntoSearch.jsp 

  

http://cng.gmu.edu:8080/Lm
http://cng.gmu.edu:8080/neuroMorphoReview/OntoSearch.jsp
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1. NEUROINFORMATICS 

Authors: Sridevi Polavaram and Giorgio A. Ascoli 
Neuroinformatics is a highly interdisciplinary field employing methods and 

approaches from computer science, information systems, and integrative biology to 

identify, analyze, digest, simulate, and compute neuroscience data (Grant 2003; 

Eisenstein 2009; Walter et al., 2010; Akil et al., 2011; Burns et al., 2015). Although in 

the broadest sense neuroinformatics encompasses neuromorphic engineering and 

computational neuroscience, core areas of emphasis in the field pertain to software tools, 

ontologies, and databases related to integration, sharing, transformation, visualization, 

and quantification of neuroscience research. Despite pioneering developments starting 

from the 1990-2000 “Decade of the Human Brain” (Shepherd et al., 1998), the 

establishment of an informatics infrastructure for neural science still requires substantial 

progress. The tremendous heterogeneity of neuroscience data, reflecting multimodal and 

multi-scale investigations ultimately dictated by brain complexity and inter-species 

diversity, slowed down the emergence of an information management culture and data 

sharing policies (Wertheim & Sidman, 1991; Kötter, 2001; Toga, 2002; Smith et al., 

2004; Campbell 2009). Nevertheless, these same challenges, namely scientific 

complexity and data heterogeneity, also make informatics essential for the eventual 

success of neuroscience.  

CONTENTS 
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Scope 

Resource selection (Figure 1) 

Resource categorization (Figure 2) 

Resource Examples (Table 1) 

Emergent trends (Figure 3) 

Concluding remarks 

References 

Scope 
We surveyed the advances in the last five years to assess how the field matured to 

its current state-of the art and to evaluate specific opportunities and growing trends. 

Careful characterization of a representative sample of 337 neuroinformatics resources in 

terms of several dimensions enabled the distillation of summary analytics.  Metadata 

annotation included among others animal species, resource type (software, atlas, 

database, etc.), scale (from molecules to whole brain), application (e.g. visualization, 

analysis, simulation), and measurement type (anatomical, functional, biochemical, and 

more). One of the most active areas of research and software development revealed by 

this overview concerns the visualization and analysis of human neuroanatomical data at 

the whole brain scale. The complete curated list of neuroinformatics resources available 

online that accompanies this article (http://hdl.handle.net/1920/9150) constitutes a 

valuable tool in its own merit for free browsing, search, and exploration.  

 

Resource identification 
We identified a representative sample of 337 tools by querying four independent 

neuroinformatics sources (Figure 1): (1) The Neuroscience Information Framework (NIF) 

http://hdl.handle.net/1920/9150
http://neuinfo.org/


7 

 

and its community-curated lexicon NeuroLex, (2) The Springer Neuroinformatics journal 

(3) The Frontiers in Neuroscience journals, and (4) Scholarpedia’s expert curated 

collection of encyclopedia entries. The approach was separately customized by trial-and-

error approximation for the different sources. Traditional journal publications were 

interrogated by full-text searches for the combined occurrence of the keywords 

“software,” “tools,” “resources,” and “http”. This query produced 404 and 401 hits from 

Neuroinformatics and Frontiers, respectively, over the 5-years inclusive span 2010-2014. 

For Scholarpedia, only a subset of the keywords, “software” and “tools,” returned 36 

articles. After adding the entire list of 262 resources federated with NIF to this initial 

pool, we removed out-of-scope entries (news items, blog posts, podcasts, people, grants, 

and non-neuroscience resources) as well as broken or clearly obsolete pointers. 

Moreover, when both parent and child links were present, we only included the most 

relevant ones. Lastly, we filtered off overlaps, resulting in a final resource count of 337 

(Figure 1). 

 

 

http://neurolex.org/
http://rd.springer.com/journal/12021
http://www.frontiersin.org/
http://www.scholarpedia.org/article/Main_Page


8 

 

 
Figure 1-1 A Venn diagram of four repositories selected for data curation sample (Frontiers in Red, 

Neuroinformatics in Green, NIF in Purple, Scholarpedia in Orange). The numbers reflect the actual count of resources 

mined from each repository along with the overlap. The colored numbers denote the absolute numbers (of mined 

resources) within each repository, and the black numbers show the 2-way, 3-way, and 4-way overlaps. 

 

Resource categorization 
We annotated each of the 337 resources according to its characteristics across 

certain classification dimensions or ‘features’ (Figure 2): Scale, Species, Resource type, 

Measurement, Application, Area of study, User support, and Resource availability (the 

first six of these dimensions are included in Table 1). For every feature we chose a list of 

‘elements’ suitable to describe the resource, clarifying their intended meaning with a 

series of self-explanatory keyword examples (Figure 2). For instance, the elements (and 

related representative examples) of Scale are: whole nervous system (non-invasive brain 

imaging with magnetic resonance), regional (corti cal areas, specific fiber pathways), 

cellular (axonal trees, patch clamp), and macromolecular (gene sequences, protein 

expression). We informally defined the eight Features and 38 Elements with simple 

textual descriptors, which are hyperlinked to the corresponding terms in Table 1 and in 

the complete online table. This organizational layout, however, is emphatically not meant 

http://hdl.handle.net/1920/9150
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as a formal schema (let alone an ontology), but rather as a simple and practical attempt to 

group resources in a manner amenable to human comprehension. As such, we 

acknowledge that our choices are arbitrary, and several alternatives would be equally 

reasonable. Moreover, features are not orthogonal to or independent of each other. When 

selecting more than one element as adequate descriptors of a resource, we also always 

indicated one as primary (marked with * in Table 1 and in the complete online table) to 

facilitate subsequent analytics.

http://hdl.handle.net/1920/9150


 

 

 

1
0
 

 
 
Figure 1-2. A model database schema that is used for curating the selected sample of neuroinformatics tools and services mined from four different resources. The 

multidimensional characteristics of the tools are categorized using eight ‘features’ (top layer in yellow), 38 ‘elements’ (second layer in blue), and hundreds of ’examples’ 

(bottom layer in green). 
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Resources examples  
We selected a small subset (<10%) of the identified resources to illustrate the 

collated information with a few examples. Each of the 31 resources listed below and all 

entries in the comprehensive collection at http://hdl.handle.net/1920/9150 are hyperlinked 

to the respective home page. In addition to the six features reported in Table 1, the 

complete online table includes for each of the 337 resources a summary description of 

every entry, literature references or unique resource identifier (PMID, PMCID, NIF ID), 

public availability (freeware, open source, etc.), support provided to users (e.g. manual, 

mailing lists, frequently asked questions), funding agencies, and institutional affiliations. 

The Pubmed or Pubmed Central identifiers refer to the recent article(s) citing the resource 

that was returned by the literature search described above under “Resource 

Identification”, and not necessarily to the original publications of the resource. The user 

support feature also includes a ‘citation’ element indicating that the tool has been used by 

at least one external party in peer-reviewed publications beyond its intended in-house 

purposes tags the resource (a sign of resource utility and maturity). 

http://hdl.handle.net/1920/9150
http://hdl.handle.net/1920/9150
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Table 1-1. Subset of resources depicting the main information elements available in the accompanying master list 

(http://hdl.handle.net/1920/9150). 

 
Resource name Scale Species Resource type Measurement Application Area of study 

3d Brain Atlas 

Reconstructor  

whole* 

regions  

rodents* 

primates 

others  

atlas* 

software  

anatomical  visualization  neuroinformatics  

Aging Genes Database  macromol.  all database functional  annotation  neuroinformatics 

clinical & dev. 

neurobiol.* 

Allen Brain Atlas  whole* 

regions  

rodents* 

primates  

atlas* 

database 

ontology & data 

mngmt. 
 

anatomical  visualization* 

data analysis 

annotation  

cell., mol., & syst. 

neurosci.* 

neuroanatomy 

neuroinformatics 

clinical & dev. 

neurobiol.  

BioSemi ActiveTwo 

system  

whole  primates  instrumentation* 

software  

physiological  data analysis* 

neurotechnology  

cogn. & behav. 

neurosci.* 

cell., mol., & syst. 

neurosci.  

Boston Retinal Implant 

Project 

regions* 

whole  

primates  instrumentation* 

software  

functional  neurotechnology  clinical & dev. 

neurobiol.* 

cell., mol., & syst. 

neurosci. 

cogn. & behav. 

neurosci.  

http://hdl.handle.net/1920/9150
http://mars.gmu.edu/bitstream/handle/1920/9150/CuratedResourceList_Definitions_Formatted.pdf
http://mars.gmu.edu/bitstream/handle/1920/9150/CuratedResourceList_Definitions_Formatted.pdf
http://mars.gmu.edu/bitstream/handle/1920/9150/CuratedResourceList_Definitions_Formatted.pdf
http://3dbar.org/
http://3dbar.org/
http://mars.gmu.edu/bitstream/handle/1920/9150/CuratedResourceList_Definitions_Formatted.pdf
http://mars.gmu.edu/bitstream/handle/1920/9150/CuratedResourceList_Definitions_Formatted.pdf
http://mars.gmu.edu/bitstream/handle/1920/9150/CuratedResourceList_Definitions_Formatted.pdf
http://mars.gmu.edu/bitstream/handle/1920/9150/CuratedResourceList_Definitions_Formatted.pdf
http://mars.gmu.edu/bitstream/handle/1920/9150/CuratedResourceList_Definitions_Formatted.pdf
http://mars.gmu.edu/bitstream/handle/1920/9150/CuratedResourceList_Definitions_Formatted.pdf
http://mars.gmu.edu/bitstream/handle/1920/9150/CuratedResourceList_Definitions_Formatted.pdf
http://mars.gmu.edu/bitstream/handle/1920/9150/CuratedResourceList_Definitions_Formatted.pdf
http://mars.gmu.edu/bitstream/handle/1920/9150/CuratedResourceList_Definitions_Formatted.pdf
http://mars.gmu.edu/bitstream/handle/1920/9150/CuratedResourceList_Definitions_Formatted.pdf
http://www.uwaging.org/genesdb/
http://mars.gmu.edu/bitstream/handle/1920/9150/CuratedResourceList_Definitions_Formatted.pdf
http://mars.gmu.edu/bitstream/handle/1920/9150/CuratedResourceList_Definitions_Formatted.pdf
http://mars.gmu.edu/bitstream/handle/1920/9150/CuratedResourceList_Definitions_Formatted.pdf
http://mars.gmu.edu/bitstream/handle/1920/9150/CuratedResourceList_Definitions_Formatted.pdf
http://mars.gmu.edu/bitstream/handle/1920/9150/CuratedResourceList_Definitions_Formatted.pdf
http://mars.gmu.edu/bitstream/handle/1920/9150/CuratedResourceList_Definitions_Formatted.pdf
http://mars.gmu.edu/bitstream/handle/1920/9150/CuratedResourceList_Definitions_Formatted.pdf
http://mars.gmu.edu/bitstream/handle/1920/9150/CuratedResourceList_Definitions_Formatted.pdf
http://brain-map.org/
http://mars.gmu.edu/bitstream/handle/1920/9150/CuratedResourceList_Definitions_Formatted.pdf
http://mars.gmu.edu/bitstream/handle/1920/9150/CuratedResourceList_Definitions_Formatted.pdf
http://mars.gmu.edu/bitstream/handle/1920/9150/CuratedResourceList_Definitions_Formatted.pdf
http://mars.gmu.edu/bitstream/handle/1920/9150/CuratedResourceList_Definitions_Formatted.pdf
http://mars.gmu.edu/bitstream/handle/1920/9150/CuratedResourceList_Definitions_Formatted.pdf
http://mars.gmu.edu/bitstream/handle/1920/9150/CuratedResourceList_Definitions_Formatted.pdf
http://mars.gmu.edu/bitstream/handle/1920/9150/CuratedResourceList_Definitions_Formatted.pdf
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Brainstorm Toolbox whole  primates  software* 

instrumentation 

ontology & data 

mngmt.  

physiological* 

anatomical  

data analysis  cogn. & behav. 

neurosci.* 

cell., mol., & syst. 

neurosci.  

Caenorhabditis Genetics 

Center  

whole  others  ontology & data 

mngmt.* 

database 

biochemical  annotation  clinical & dev. 

neurobiol.* 

neuroinformatics  

CARLsim  whole 

regions*  

all software  functional  modeling & 

simulation  

comput. neurosci.* 

cogn. & behav. 

neurosci.  

Cascaded Hierarchical 

Model (CHM)  

cellular 

macromol.* 

all software  anatomical  annotation* 

visualization 

modeling & 

simulation  

neuroinformatics 

comput. neurosci.* 

CIL-Cell Image Library cellular  all database* 

ontology & data 

mngmt.  

anatomical* 

biochemical  

visualization* 

annotation  

cell., mol., & syst. 

neurosci.* 

neuroanatomy 

clinical & dev. 

neurobiol. 

neuroinformatics  

CLARITY resources  whole 

macromol.* 

rodents* 

primates  

topical portal anatomical* 

biochemical  

visualization  neuroanatomy* 

cell., mol., & syst. 

neurosci.  

http://neuroimage.usc.edu/brainstorm/
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Clinicaltrials.gov  whole  primates  database* 

ontology & data 

mngmt.  

functional  annotation* 

data analysis  

clinical & dev. 

neurobiol.* 

neuroinformatics 

cogn. & behav. 

neurosci.  

ClinVar  macromol.  all database* 

ontology & data 

mngmt.  

functional  data analysis* 

annotation  

neuroinformatics* 

clinical & dev. 

neurobiol. 

cell., mol., & syst. 

neurosci.  

CogPO Wiki  whole 

regions*  

primates  ontology & data 

mngmt.  

functional  annotation* 

visualization  

neuroinformatics 

cogn. & behav. 

neurosci.*  

DOQCS - Database of 

Quantitative Cellular 

Signaling  

macromol.  mammals  database* 

ontology & data 

mngmt.  

biochemical  modeling & 

simulation  

comput. neurosci.* 

cell., mol., & syst. 

neurosci. 

neuroinformatics  

GeneNetwork  macromol.  rodents* 

primates 

insects  

database functional* 

biochemical  

visualization 

data analysis*  

cell., mol., & syst. 

neurosci.* 

neuroinformatics  

Human Connectome 

Project (HCP) 

whole  primates  database* 

software 

topical portal 

anatomical 

functional*  

visualization 

data analysis*  

neuroinformatics 

cogn. & behav. 

neurosci. 

cell., mol., & syst. 

neurosci.*  

http://clinicaltrials.gov/
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IGOR Pro cellular* 

regions  

all software  physiological  visualization 

data analysis*  

comput. neurosci.* 

cell., mol., & syst. 

neurosci. 

neuroinformatics  

JIDT: an information-

theoretic toolkit  

all primates  software  all data analysis* 

modeling & 

simulation  

comput. neurosci.* 

cell., mol., & syst. 

neurosci. 

clinical & dev. 

neurobiol.  

NeuralEnsemble  cellular  all software 

ontology & data 

mngmt.*  

physiological  data analysis 

modeling & 

simulation*  

comput. neurosci.* 

neuroinformatics  

Neurofitter  cellular  all software  functional 

physiological*  

modeling & 

simulation* 

data analysis  

comput. neurosci.* 

cell., mol., & syst. 

neurosci. 

neuroinformatics  

NeuroMorpho.Org cellular  all database* 

ontology & data 

mngmt.  

anatomical  visualization* 

annotation 

data analysis  

neuroinformatics* 

neuroanatomy 

cell., mol., & syst. 

neurosci.  

PainResearchForum  whole  primates  ontology & data 

mngmt.* 

topical portal 

functional  annotation  neuroinformatics 

clinical & dev. 

neurobiol.* 

cell., mol., & syst. 

neurosci.  
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A major neuroinformatics initiative pertaining to whole-brain non-invasive human 

imaging (Table 1) is the Human Connectome Project. High-resolution scanning of over 

1200 healthy adults using cutting-edge methods such as diffusion and resting-state 

magnetic resonance aimed at comprehensive mapping of neural circuitry, its relationship 

to behavior, and the contributions of genetic and environmental factors to individual 

differences. This “big data” project, including the development and free distribution of 

analysis and visualization tools, was supported by funding from the National Institute of 

Health Neuroscience Blueprint to a selected consortium of major universities. A 

complementary “grass root” effort of similar scope, included in the complete online table, 

is the 1000 Functional Connectomes Project, entailing the aggregation and full 

unrestricted public release (via www.nitrc.org) of over 1200 resting state fMRI datasets 

collected from 33 sites. 

Exploiting the progressive acceleration in computing power, spiking neural 

network simulations are continuously improving in terms of both scale and biological 

realism. A notable tool in this regard is CARLSim (Table 1), an efficient open source 

simulator written in C/C++ (Beyeler et al., 2014) that allows execution on both generic 

central processing units (CPUs) and standard off-the-shelf graphical processing units 

(GPUs). In particular, CARLSim implements the formalism of Izhikevich models, 

allowing generation of faithfully complex neuronal dynamics with a simple system of 

equations suitable for fast numerical integration (Izhikevich, 2006). The complete online 

table includes several other resources relevant for network simulations, including NEST 

(Gewaltig & Diesmann, 2007), Brian (Goodman, 2010), and the Open Source Brain for 

http://humanconnectome.org/
http://hdl.handle.net/1920/9150
http://fcon_1000.projects.nitrc.org/
http://www.socsci.uci.edu/~jkrichma/CARLsim/
http://hdl.handle.net/1920/9150
http://hdl.handle.net/1920/9150
http://nest-simulator.org/
http://briansimulator.org/
http://opensourcebrain.org/
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sharing and collaboratively developing computational models that encourages the use of 

open standards to ensure transparency, modularity, accessibility and cross simulator 

portability. 

One of the most prominent neuroinformatics resources at the molecular and 

systems level is the Allen Brain Atlas (Lein et al., 2007), an annotated brain-wide, 

genome-wide gene expression map of the adult mouse obtained from in situ hybridization 

(Table 1). Each expression pattern is registered with a high-resolution 3D anatomical 

delineation of more than 600 nervous system areas from Nissl stain. The same portal also 

provides free access to similar data for the developing mouse and the human brains 

(including microarray experiments), together with regional connectivity maps from tract-

tracing and a powerful informatics platform for query and analysis. A related resource in 

the complete online table is Gensat (Heintz, 2004), a publicly available gene expression 

atlas of the developing and adult central nervous system in the mouse, using both in situ 

hybridization and transgenic techniques. 

At the level of dendritic and axonal arbors, the widely used repository of digital 

reconstructions of neuronal morphology NeuroMorpho.Org (Table 1) is regarded as a 

success story in neuroscience data sharing (Parekh & Ascoli, 2014). This archive contains 

more than 30,000 neurons from two dozen species and hundreds of brain regions and cell 

types, contributed by over one hundred laboratories worldwide using a broad range of 

histological, visualization, imaging, and tracing techniques. A complementary resource 

included in the complete online table is ModelDB, a database for storing and efficiently 

retrieving computational neuroscience models, mostly in the popular NEURON 

http://brain-map.org/
http://hdl.handle.net/1920/9150
http://gensat.org/index.html
http://neuromorpho.org/
http://hdl.handle.net/1920/9150
http://senselab.med.yale.edu/modeldb
http://www.neuron.yale.edu/
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simulation environment (Carnevale, 2007) using complex morphologies of single neurons 

such as those available at NeuroMorpho.Org. 

 

Emerging trends 
In order to gauge the prominence of distinct elements within each feature, we 

quantified the distribution of available resources across the main annotation dimensions. 

For every feature of Table 1 (scale, species, resource type, measurement, application, and 

area of study), we counted all resources in the complete online table that listed a given 

element as well as the subset of those that specifically indicated the element as primary. 

When All elements of a feature were marked, we added the resource in the “general” 

count for each of the elements but for none of the elements in the “primary” count. 

Moreover, we computed a weighted count by dividing each element so as to sum to one 

per resource. For example, if a resource listed primates, rodents, and insects as species, 

each of those elements would be counted one-third. This normalization allows a fair 

assessment of element proportion in every feature across resources (Figure 3). 

 

http://hdl.handle.net/1920/9150
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Figure 1-3. A quantitative report of six curated features showing the corresponding counts of all elements within 

each feature as primary & general counts (shown as stacked bars), and weighted counts (pie charts). 

 

With respect to scale, whole brain is the most represented element both in the 

general and primary counts (Figure 3a, bar charts) as well as the weighted proportion 

(Figure 3a, pie charts), followed by regions, cellular, and molecular, in straight order 

from macroscopic to microscopic. 
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Primates (largely humans but also including monkeys) are clearly the dominant 

species, reflecting the prominence of whole brain scale (Figure 3b). More than twice as 

many resources have primates as the primary species (154) than all other elements in this 

feature together (66), including rodents (mostly rats and mice), other mammals, insects 

(primarily flies), and others species (typically worm, fish, and birds). For humans the 

numbers are driven by non-invasive imaging in the areas of cognition and behavioral 

neuroscience, neuroanatomy, and clinical and developmental neuroscience. Resources 

dedicated to the phenotype-genotype relationship are particularly abundant for mice (e.g., 

Monarch Initiative and Mouse phenotype database) and fruit fly (flybase.org, 

flycircuit.tw, Bloomington Drosophila stock center). The representation of other species 

is fairly sparse and encompasses focus on comparative neuroanatomical (ABCD, 

Braininfo), antibody databases (NeuroMab), and live imaging (ZFIN).  

By far the most numerous resource types fall into the category of software tools 

(Figure 3c), as exemplified by the popular open source program ImageJ. Next in 

representation are ontology and data management services (for example BioPortal) and 

databases (Alzheimer’s Disease Neuroimaging Initiative or ADNI). Ontologies and data 

management resources focus on data formats, standardization, terminologies, and 

machine readability, and thus often overlap with databases. In fact, several resources 

were annotated with all of these three most common type elements, as exemplified by 

Chemical Entities of Biological Interest (ChEBI), flybase.org, and Mouse Genome 

informatics. The remaining resource types are much more sparsely represented. Topical 

portals are typically the least structured types, consisting of collaborative initiatives, open 

http://monarchinitiative.org/
http://mouse-phenotype.org/
http://flybase.org/
http://flycircuit.tw/
http://flystocks.bio.indiana.edu/bloomhome.htm
http://behav.org/abcd/abcd.php?proc=ares
http://braininfo.rprc.washington.edu/
http://neuromab.ucdavis.edu/modelOrganisms.cfm
http://zfin.org/
http://developer.imagej.net/
http://bioportal.bioontology.org/
http://adni-info.org/
http://www.ebi.ac.uk/chebi/
http://flybase.org/
http://informatics.jax.org/
http://informatics.jax.org/
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challenges, and other thematic resources. Instrumentation emphasizes hardware 

machinery for data acquisition, analysis, or lab operations. Lastly, atlases consist of 

standardized reference templates (e.g. Talairach coordinate space) with registered 2D/3D 

spatial information, such as gene expression, tract-tracing, or magnetic resonance 

imaging.  

In terms of measurement, the most abundant resources pertain to the anatomical 

dimension (Figure 3d), followed by functional, physiological, and biochemical. The first 

two elements are again largely linked to human non-invasive whole brain imaging. 

Anatomical resources mostly refer to structural and diffusion magnetic resonance, while 

functional, as the name suggests, to fMRI. Resources categorized as anatomical, 

however, also include a variety of other tools focusing on shape, size, location, and 

connectivity information (e.g., Automated reconstruction of complex curvilinear 

structures, Knife-Edge Scanning Microscopy Brain Atlas, SumDB, and NeuGen) across 

all scales from microscopic to macroscopic. Similarly, ‘functional’ resources (e.g., 

DICOM, resting-state fMRI, Protégé ontology editor) also include tools with an emphasis 

on mapping neural dynamics to brain states, including computational approaches (neural 

networks, information theoretical measures, non-linear time series analysis) as well as 

experimental (behavior measures of attention, speech recognition, response monitoring, 

and more). The last two measurement elements together account for less than a quarter of 

resources: physiological, quantifying spatiotemporal data with electrical or optical 

recordings (or related model simulations), and biochemical, most commonly high-

http://cvlab.epfl.ch/research/medical/lm
http://cvlab.epfl.ch/research/medical/lm
http://kesm.cs.tamu.edu/home/
http://sumsdb.wustl.edu/sums/index.jsp
http://atlas.gcsc.uni-frankfurt.de/~neugen/
http://medical.nema.org/standard.html
http://restfmri.net/forum/index.php
http://protege.stanford.edu/
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throughput analyses, such as gene expression profiling using microarray technologies 

(e.g., BrainSpan, ClinVar).  

Relative to the application domain, visualization and data analysis are almost 

omnipresent in all scientific studies, claiming the lion’s share of resources (Figure 3e). 

Visualization mainly refers to rendering of experimental data from e.g. microscopy, 

neuroimaging, physiology, and virtual reality. Data analysis plays an increasingly 

important role in large-scale automation analyses. These two applications are closely 

associated together in resources for result quantification with statistical plots or graphing 

of parameter relationships (e.g., IGOR Pro, PRoNTo, MIPAV ). Tools for annotation, 

such as electronic lab notebooks for metadata entry, are crucial to frame the data in 

proper context for reuse (e.g., CogPO Wiki, clinicaltrials.gov, Multimodal MRI 

reproducibility resource). Computational modeling resources include tools for simulating 

morphological growth, membrane biophysics, electrophysiological activity, and network 

dynamics (e.g., Scilab, Cellular Dynamic Simulator, neuRosim). Lastly, neurotechnology 

include brain-machine interfaces, neuromorphic engineering, and other similar 

approaches and devices (e.g., Easycap, The Kilobot Project, BCI2000 ). The practical 

utility of available resources is ultimately determined by the user’s creativity. In the 

domain of neuronal morphology, for example, diverse applications of L-Measure, Trees 

toolbox, and Neuromantic to visualization, analysis and modeling have yielded many 

advances in neuronal characterization, as evidenced by their many external citations.  

Last but not least, resources were labeled across six broadly distributed areas of 

study (Figure 3f). The sheer number of neuroinformatics entries highlights the 

http://brainspan.org/
http://www.ncbi.nlm.nih.gov/clinvar/
http://wavemetrics.com/
http://www.mlnl.cs.ucl.ac.uk/pronto/
http://mipav.cit.nih.gov/
http://www.wiki.cogpo.org/
http://clinicaltrials.gov/
http://www.nitrc.org/projects/multimodal
http://www.nitrc.org/projects/multimodal
http://www.scilab.org/
http://nba.uth.tmc.edu/cds/
file:///C:/Users/sridevi/Documents/Dropbox/scholarpedia%20artice/cran.r-project.org/web/packages/neuRosim/
http://www.easycap.de/easycap/
http://www.eecs.harvard.edu/ssr/projects/progSA/kilobot.html
http://www.schalklab.org/research/bci2000
http://cng.gmu.edu:8080/Lm/
http://www.treestoolbox.org/
http://www.treestoolbox.org/
http://sourceforge.net/projects/neuromantic/
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multidisciplinary nature of neuroscience data handling reflected in a diverse umbrella of 

resources spanning from automated neuronal tracing to functional classification of 

genome sequencing and open communication standards in knowledge creation and 

sharing. Cognitive and behavioral neuroscience also includes a wide range of resources 

related to neuropsychology, learning, and movement tasks among many others (e.g., child 

language talkbank, brain machine interface platform, Independent component analysis on 

multimodal imaging data). Computational neuroscience provides modeling approaches, 

environments, frameworks, tools, and formats to facilitate neuronal and network 

simulations (biological models markup language,  Self-Organizing maps, Genesis 

platform, etc.). Neuroanatomy is a central sub-field in the structure-function mapping of 

the nervous system, and is represented by numerous resources including electronic 

archives (Cell centered database), Atlases (Virtual Honeybee Brain), tools for 

morphological conversion and display (Neuronland), and knowledge bases (temporal-

lobe). Resources in the clinical and developmental area (many funded by NIH) include 

translational neuroscience research, surgical aid and disease related tools, aging, and 

medical data analysis. Lastly, the cellular, molecular, and systems neuroscience element 

is a catch-all category encompassing resources as diverse as those for human brain 

immunohistochemistry, plasmid sharing, and cross-scale interactions in information 

processing.  

Concluding remarks 
This article provides a broad snapshot of recent neuroinformatics progress based 

on a curated sample of resources identified in the relevant scientific literature of the last 

http://diademchallenge.org/
http://pantherdb.org/
http://pantherdb.org/
https://www.force11.org/node/4463
https://www.force11.org/node/4463
http://childes.psy.cmu.edu/
http://childes.psy.cmu.edu/
http://bmi.neuroinf.jp/
http://mialab.mrn.org/software/
http://mialab.mrn.org/software/
http://cellml.org/models
http://www.cis.hut.fi/research/som_lvq_pak.shtml
http://genesis-sim.org/GENESIS/
http://genesis-sim.org/GENESIS/
http://ccdb.ucsd.edu/
http://www.neurobiologie.fu-berlin.de/BeeBrain/Project.html
http://www.neuronland.org/NL.html
http://temporal-lobe.com/
http://temporal-lobe.com/
http://neuromab.ucdavis.edu/
http://neuromab.ucdavis.edu/
http://www.addgene.org/
http://brainscales.kip.uni-heidelberg.de/
http://brainscales.kip.uni-heidelberg.de/
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five years. The comprehensiveness of this collection is necessarily constrained by our 

search and selection approach, and thus is not meant to reflect the actual number of all 

available digital resources in neuroscience. Instead, the purpose of this overview is to 

describe a representative variety of neuroinformatics resources across multiple features, 

in order to appreciate the broad diversity of technologies and methodologies used in the 

field. 

One of the main observations that results from our analysis regards the 

prominence of human non-invasive whole brain imaging. Major neuroinformatics 

developments, however, are also transforming other domains of neuroscience, as 

exemplified by the comprehensive genomic profiles of the Allen Brain Atlas (Ng et al., 

2012; Shen et al., 2012). With appropriate resources, even individual laboratories can 

successfully embark in “big data” initiatives, such as the tracing of a substantial 

proportion of the fly nervous system at single cell resolution (Chiang et al., 2011). At the 

same time, the impact and potential of many smaller but valuable resources should not be 

discounted, as they are indispensable to sustain the variety of research approaches that the 

complexity of the brain demands. Such grass-root distribution underscores the 

importance of community standards for data formatting, annotating, reporting, and 

sharing. We predict that the growing availability of data, metadata, and informatics tools 

will progressively increase the scientific impact of computational modeling and 

biologically realistic large-scale simulations. 
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Abstract 
 

L-Measure (LM) is a freely available software tool for the quantitative 

characterization of neuronal morphology. LM computes a large number of 

neuroanatomical parameters from 3D digital reconstruction files starting from and 

combining a set of core metrics. After more than six years of development and use in the 

neuroscience community, LM enables the execution of commonly adopted analyses as 

well as of more advanced functions. This report introduces and illustrates three novel 

mailto:ascoli@gmu.edu
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features of LM: (a) the statistical comparison between two groups of neurons; (b) 

morphological searches from sets of neurons based on any Boolean combination of the 

available measurements; and (c) tree-by-tree analysis in addition to the whole-cell and 

cell-population levels. These new functionalities, implemented in the LM computational 

engine, are accessible through the existing user-friendly graphical interface. The tool is 

available at (http://krasnow.gmu.edu/cn3) for either online use on any Java-enabled 

browser and platform, or download for local execution under Windows and Linux. 

INTRODUCTION 
The quantitative characterization of neuronal morphology is essential to correlate 

structure, activity and function in the nervous system at the cellular level. In many 

studies, dendrites and axons imaged from a variety of histological preparations are 

digitally traced into 3D reconstructions representing the arborization as a series of 

interconnected tubules
1
. These data files allow comprehensive morphometric 

investigations, powerful comparative analyses and the implementation of anatomically 

detailed computational models
2–6

. Digital reconstruction of neuronal morphologies 

requires specialized software, such as the popular MicroBrightField Neurolucida. Despite 

ongoing progress in automation attempts, the tracing process remains extremely time 

consuming and technically challenging
7
. At the same time, digital morphologies are 

extremely versatile and retain considerable scientific utility beyond the original purpose 

they are collected for. They can often be re-used in follow-up or even completely 

unrelated research projects
8
. An increasing number of laboratories are freely sharing their 

3D reconstructions with the neuroscience community to maximize the impact of their 
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research efforts
9–14

. Thousands of neurons are available at NeuroMorpho.Org, and 

hundreds are being downloaded daily. Examples of these neuronal morphologies are 

illustrated in Figure 1. To capitalize on the value of these digital data, we developed and 

freely distributed L-Measure (LM), a software program to extract morphometric 

measurements
15

.Withmore than six years of public usage, LM remains the only 

documented, supported and freeware tool available online for the neuroscience 

community to analyze dendritic and axonal morphologies routinely from digital 

reconstruction files in any of the known file formats. LM measures a battery of > 40 core 

metric functions (e.g., diameter, length, angles) and can return simple statistics (average, 

s.d., minimum, maximum and total sum), histogram distributions or the dependency of 

one metric on another (e.g., Sholl analysis of number of branches versus distance from 

soma). The same functions can also be used to select a specific portion of the arborization 

for analysis (e.g., at least five bifurcations away from the soma). The underlying C++ 

computational engine, dedicated to file processing and number crunching, can be 

operated through a ‘point and click’ Java graphical user interface (or via command line 

for batch execution). LM outputs are visualized on the display and/or saved to files 

compatible with analysis and graphic programs, such as Microsoft Excel. The core LM 

functionality is depicted in Figure 2. Since its first introduction in 2001, LM has been 

proven useful in several applications. 

 

1. LM is regularly used for large-scale extraction of morphometrics employed by the 

online electronic repository NeuroMorpho.Org
16

 to characterize the structural content of 
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thousands of 3D digital reconstructions from a variety of cell classes, anatomical 

locations, experimental procedures, animal species and reconstruction methods. In 

particular, LM is used whenever the underlying database is updated and at every version 

release of NeuroMorpho.Org. 

2. LM is routinely used by several research groups worldwide to perform detailed 

comparative analysis on groups of neurons. Classic examples of such applications from 

the authors’ own studies and collaborations include the quantification of characteristic 

morphological features across various cell classes and conditions
17

, detection of 

differences induced by specific growth factor
18

, analysis of developmental changes
19

 and 

comparison between neurons expressing various neuropeptides
20

.  

3. Thanks to its capability of processing assorted file formats from diverse reconstruction 

techniques, LM is also used to match morphologies obtained from multiple digital tracing 

methods both at the detailed branch-by-branch level and with overall statistics
21

. By the 

same token, LM has served validation purposes in processing the results of automated 

reconstruction algorithms applied to projection axons in the rat hippocampus neurons 

(i.e., comparing number of bifurcations, total length, path distance, branch order and 

asymmetry with the same metrics extracted from other available morphologies of the 

same classes
22

).  
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Figure 2-1. Representative collection of 15 neurons selected from NeuroMorpho.Org (all scale bars are 100 m). 

Ordered by row, from top left: bipolar cell from rat neocortex (C130200-19), parvalbumin cell from rat hippocampus 

(pv22c), calretinin cell from rat hippocampus (cr10f), climbing fiber from rat cerebellum (NMA), dopaminergic cell 

from rat basal ganglia (Nigra11h941-1), dorsal spinocerebellar tract cell from cat spinal cord (DSCT4), ganglion cell 

from salamander retina (mp_ma_40984_gc2), granule cell from rat hippocampus (411884b), Martinotti cell from rat 

cerebral cortex (cellC150897B-I1), medium spiny neuron from mouse basal forebrain (ACC1), motoneuron from 

mouse spinal cord (ok_m215), basket cell from rat neocortex (C040600B1), pyramidal cell from cat neocortex 

(980804axden), CA3 pyramidal cell from rat hippocampus (cell6zr), Renshaw cell from cat spinal cord (renshawcell1). 

 

4. LM is also employed for the extraction of parameter distributions from experimental 

data required for re-sampling by stochastic computational simulations to generate virtual 

neurons
23

. Similarly, LM is often used to investigate the quality and limitations of these 

models by comparing their emergent morphological properties with the original 

experimental data
24

. LM is well recognized as a standard tool for morphometric analysis 

as cited by independent laboratories in a variety of settings, such as the description of 

computational protocols
25

, database and information frameworks
26

, classification of 

disease induced dendritic damage
27

, assessing morphological simulations in spinal injury 

models
28

 and analysis of experimental manipulations
29

. Moreover, it is important to stress 
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that LM provides the ability to extract all morphological measurements underlying the 

emerging community standards for classification of cellular phenotypes (Ascoli, G.A. et 

al., manuscript submitted; see also 

http://www.columbia.edu/cu/biology/faculty/yuste/petilla/).  

 

As a ‘quick start’ practical guide of LM functionality, this protocol presents 

several common procedures illustrating the tool in action. These user case examples are 

chosen to cover a variety of key operations and the reader is encouraged to try them as an 

opportunity to explore both basic and new features.  

 

 
Figure 2-2. Quantitative Morphometry by L-Measure 

 

http://www.columbia.edu/cu/biology/faculty/yuste/petilla/
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User Operation of L-Measure 
 

We first provide a brief overview of the LM ‘look and feel’ from a user 

perspective. Although for the sake of precision, we refer specifically to the online version 

accessed with Internet Explorer under Windows XP (the most popular configuration to 

date), other platforms and  the local executables only differ subtly from this description 

(to set up LM on a local computer, refer to Box 1). From http://krasnow.gmu.edu/cn3, 

LM loads upon selecting ‘LMeasure’ from the ‘Data/Tools++’ page and clicking on 

‘Online version’. LM appears as a user-friendly graphical interface with seven tabs that 

can be inter toggled by a single mouse click (Fig. 3). In particular, the help page 

(rightmost tab) contains an introductory manual and a reference list of available 

measurements, each with a brief explanation. Several of the remaining tabs are normally 

accessed in rapid sequence, as described in more detail in the ‘Use Case Examples’ 

below.  The typical user delimits the morphological region to which the measurements 

should be restricted (specificity), selects the parameters to be extracted (function), loads 

one or more neurons (input), defines how to display or save the results (output) and 

finally launches the analysis (go).  
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Figure 2-3. In the Function tab users define the metrics to extract. Detailed definition of each metric is available 

in the Help panel (which also provides general usage information). 

 

All morphological measurements in LM are derived from a core set of metric 

functions, most of them are listed in Table 1. These functions generally extract a measure 

from each tracing point. In a physical interpretation, these individual points define the 

ending of each of the interconnected tubular primitives constituting the digital 

morphology. A subset of these points corresponds to the topological nodes of the trees, 

that is stems (tubules attached to the soma), bifurcations (tubules with two daughters) and 

terminal tips (tubules without daughters). After parsing the whole neuronal arborization 

(or the portion delimited by the specificity settings), LM can derive three types of 

relations from the raw values of the measures. The first is a simple statistical summary 

consisting of mean, s.d., minimum, maximum, and the total sum (e.g., see Table 2 for 

tabulated values and Figure 4a for a scatter plot obtained from these kinds of data). The 
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second is the frequency distribution histogram, with user-defined bins (illustrated, for 

example, in the inset of Fig. 4a). The third is the inter-relation between two measures, 

also binned by the user, as in the examples of Figure 4b–d. 

 

Table 2-1. Partial list of LM metrics (the unit for all dimensional values is m). 
(1)

 defined at the whole neuron 

level; 
(2)

 returns binary values (1 or 0, i.e. “Yes” or “No”); 
(3)

 returns integer values; 
(4)

 defined at branch level 

only; 
(5)

 defined at bifurcation point only. 

Somatic Surface(1)  Branch Length(4) 

Neuronal Height(1) Contraction(4) 

Neuronal Width(1) Fragmentation(3,4) 

Neuronal Depth(1) Fractal dimension(4) 

Diameter Branch Taper(4) 

Distance from previous point Daughter Diameter Ratio(5) 

Unit Taper Parent/Daughter Ratio(5) 

Euclidian Distance from Soma  Rall Power(5) 

Path Distance from Soma  Rall Ratio(5) 

Branch _Order(3) Power Ratio(5) 

Terminal Degree(3) Partition Asymmetry(5) 

Helix  Local Amplitude Angle(5) 

Branch Origin(2) Remote Amplitude Angle(5) 

Branch Ending(2) Local Tilt Angle(5) 

Type(3) Remote Tilt Angle(5) 

 Local Torque Angle(5) 

 Remote Torque Angle(5) 
 

 



 

39 

 

 

Table 2-2. Output of case A. Each line can be read from right to left as: neuron name, metric function, total sum 

of the function over all tracing points, number of points included in the analysis, number of points excluded (in 

this case, B 400 points define the cell body, fiduciary axis, axons, etc.), minimum value, average, maximum and 

s.d. of the metric function. 

Neuron name Metric Tot 

sum 

P.In P.Ex Min Avg Max Std 

c10261.CNG.swc  Volume  2584.83 1703 -6 0.04 1.52 316.9 8.51 

c10261.CNG.swc  Length  18968.3 1703 -6 0.5 11.14 624.53 27.24 

c10261.CNG.swc  Surface  20582.8 1703 -6 0.47 12.09 588.61 27.1 

c11563.CNG.swc  Volume  1534.46 1336 -7 0.04 1.15 73.13 3.17 

c11563.CNG.swc  Length  18149 1336 -7 0.5 13.58 661.58 27.57 

c11563.CNG.swc  Surface  17890.6 1336 -7 0.47 13.39 623.53 26.47 

 

 

Individual elements of the statistical summary, applied to appropriate functions, 

yield useful scalar metrics to characterize overall neuronal structure. For example, the 

maximum Euclidian distance from soma provides a measure of the neuronal size 

corresponding to the radius of the smallest sphere containing the neuron. The total sum of 

the distance from previous point is another metric for the extent of the neuron, its overall 

cable length. A few functions are direct features of the whole cell, such as somatic 

surface, or the height, width and depth of the neuron (comprising all of its trees).  Several 

other functions are not defined for every tracing point, but only at the level of branches 

(right column in Table 1), that is, the portions of the arbor between two nodes (e.g., the 

contraction or ratio between Euclidian and path distance, reflecting neuritic meander) or, 

more specifically, at bifurcations (italics in the right column of Table 1), such as daughter 

diameter ratio and local amplitude angle. A review of every morphometric function is 
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beyond the scope of the present report. The definitions of all core metrics are available in 

the LM help tab (and this topic is well represented in the scientific literature
30

). 

 

Not all elements of the statistical summary are appropriate for every core function 

(e.g., the sum of all diameters is of questionable significance), and several measures can 

be obtained in a redundant fashion (e.g., both the sums over all branch lengths and over 

distances from previous points return total cable length).Moreover, important metrics can 

be also obtained by combining other core functions (e.g., surface and volume from length 

and diameter).  Overall, LM can measure > 100 independent and meaningful 

morphological parameters. Additional measures can be extracted by specificity, by usage 

of histogram distributions and by interrelating variables. Analyses can be carried out on 

entire populations of cells, on individual neurons and on portions thereof. The resulting 

outputs can be further manipulated for more extensive post processing or graphical 

rendering (as displayed in Fig. 4).
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Figure 2-4. Examples of graphs from typical morphometric studies performed with LM on reconstructed 

neurons available at NeuroMorpho.Org. (a) scatter plot of the overall number of branches in each cell vs. its 

total dendritic length over three different neuronal groups. Straight lines represent linear fits. (b) distributions 

of surface area over relative path distance for apical and basal dendrites from CA3 pyramidal cell from Amaral 

archive. Each point is the average over 23 cells, error bars represent standard deviations. (c) histograms of the 

number of branches (divided in internal, i.e. ending into a bifurcation, and terminal, i.e. ending into a tip) as a 

function of branch order (the number of bifurcations from the soma) for CA3 pyramidal cells l22t and c10861. 

(d) scatter plot of diameter vs. bifurcation angle for each branch point within all 18 CA3 pyramidal neurons 

from young rats in Turner’s archive. Artificial noise uniformly distributed between -0.05 and 0.05 was added to 

all ordinate values for better visualization. 
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Figure 2-5. Input panel with statistical feature enabled (note “Stat_tests” checkbox). All cells from directory 

\ca3\Turner are loaded as Group1, while eight neurons from five different directories are pooled into Group2. 

The Input panel identifies the cells to be analyzed, while the Output tab determines if and where the results 

should be saved to disk. 

 

New Available Functionalities 
 

We have recently upgraded LM to include three new features. The first one allows 

users to test for statistical differences between two groups of neurons, as often performed 

in neuroanatomical comparisons of an experimental and a control condition (e.g., knock-

out versus wild type, treated versus saline, lesioned versus sham, aged versus young). 

The user can load cells in each of the two groups individually and/or by selecting entire 

directories (Fig. 5). The parameters to use in the statistics are then chosen from the core 

functions by selecting the appropriate elements of the statistical summary (Fig. 6). The 

second provides the ability to search large directories of digital reconstructions (e.g., 

from a series of experiments, or downloaded from an archive) for cells matching specific 
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morphometric criteria (e.g., with < 20 terminal tips) as shown in Fig. 7. The third enables 

morphological analyses at the individual tree level, which is, grouping measurements 

tree-by-tree (each separate part of the arborization that stems directly from the soma) as 

opposed to an entire cell or set of neurons.  

 

 
Figure 2-6. Function panel with statistical features enabled (note “Stat_tests” checkbox). After the 

morphometric analysis conditions are set, extraction of measurements is initiated in the Go panel. 

 

Potential applications of LM  
 

Several of the functionalities implemented in LM were inspired by published 

scientific studies in which important morphometric analyses were performed by hand, or 

with custom-made (and not publicly available) routines. These and many other such 

reports serve as convincing demonstrations of the research applications for which LM can 

provide a fast and reliable solution. A recurring theme is the comparative morphological 

analysis of sets of cells identified or separated by (in principle) independent means. This 

is a particularly active area of research with respect to GABAergic cells in the cerebral 

cortex, which are known for their rich diversity. Examples from the adult rat 
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hippocampus alone include the comparison of total dendritic length and soma surface 

area among three groups of CA1 interneurons identified on the basis of specific chemical 

markers
31

 and the extraction of similar metrics from dentate gyrus cells characterized by 

their electrophysiological properties
32

. The issue of cellular classification represents a 

fundamental scientific question in its own merit, and the extensive battery of measures 

that are available in LM lends itself to quantitative clustering methods. This kind of 

strategy was recently used, for example, on the axonal arborizations of interneurons from 

the monkey prefrontal cortex
33

 and from the mouse visual cortex
34

. Alternative 

classification approaches, also involving large-scale morphometric extraction, were 

successfully applied to retinal cells in both mammals
35

 and amphibians
36

. 

 

 

 
Figure 2-7. The LMSearch panel allows users to find neuronal reconstructions with particular morphometric 

characteristics among arbitrarily large sets. In this example, the search criteria indicate a Total Length greater 

than 18000 and a Total Volume greater than 2000. The resulting output consists of 23 neurons that satisfy these 

conditions over a total of 41 contained in directory \ca1\Amaral. 
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In some cases, clustering was adopted in later refinements
37

.More generally, 

morphometric analysis is prominently used in neuronal classification, as recently 

exemplified by the distinction of von Economo and pyramidal neurons from human 

postmortem brains based on branching and symmetry
38

 or the characterization of speech 

specific dendritic features from inter hemispheric comparison of magnopyramidal cells
39

. 

Even when interneuron populations display a continuum of morphological properties, and 

are thus not amenable to classification clustering, principal component analysis over an 

extensive battery of morphometric measures may reveal functionally relevant anatomical 

features such as laminar gradients, as in the cerebellar moleculare layer
40

. 

 

Another important line of studies investigates how electrophysiological activity, 

action potential propagation and neuronal firing dynamics can be modulated by specific 

morphological parameters, such as the dendritic surface
41

 and dendritic branching 

patterns both among different cell types42 and within a single class
43

. Other typical 

examples are the relation between morphometric distributions that can be easily extracted 

from LM output and the electrotonic structure of the dendrites (e.g., comparing multiple 

classes of principal and inhibitory cells in the cat spinal cord
44

). In some cases, the 

morphometric changes may be linked to the expression of growth factors activated during 

development. For example, it was shown that the number of dendritic terminal tips and 

total dendritic length were both regulated by the b-catenin complex during 

morphogenesis
45

. Interestingly, later deployment of LM on this same experimental 

preparation enabled more comprehensive studies of absolute and relative effects of b-
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catenin as well as its effect on simulated spiking patterns18. Changes in plasticity and 

neuronal morphology are often observed during development and aging, as well as in 

disease (Alzheimer’s, Parkinson’s, etc.) and in a variety of experimental conditions. 

Illustrations of typical potential uses of LM in these cases are offered by reports on the 

contrasting stress-induced alterations of the distributions of the number of branch points 

against Euclidean distance in apical versus basal dendrites
46

. The changes that occur in 

spatial distribution of branch points and terminal tips with normal animal experience have 

been similarly compared
47

. LM enables these analysis as well as variations that may be 

more straightforward to interpret biologically, such as the pattern of dendritic surface 

(instead of branch counts), which relates to synapse numbers, as a function of the more 

‘physiological’ path (as opposed to Euclidean) distance.  Last but not least, morphometric 

parameters are routinely analyzed in the course of computational simulations of dendritic 

structure, as recently applied to the analysis of the relationship between path and 

Euclidean distance in spinal motoneurons
48

. All the above examples and results could be 

suitably replicated with LM.  

  

Limitations of LM 
Neuronal morphology can be represented and quantified at several levels. The 

‘vectorbased’ representation of branching structures adopted by most 3D digital 

reconstruction systems constrains the type of processing enabled by LM. In particular, 

surface shape analysis and spine or ultra-structural metrics are excluded from this type of 

analysis. Other tools, such as 3DMA49 offer a complementary solution from this point of 
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view, allowing automated segmentation and 3D voxel analyses from a stack of images. 

More generally, although LM provides an extensive (and continuously growing) set of 

metric, the number of measurable geometric characteristics is practically infinite, so it is 

unavoidable that some users may be interested In specific analyses that are not (yet) 

implemented. An alternative commercial product, MicroBrightField’s NeuroExplorer 

(http://www.mbfbioscience.com) can be chosen to perform analyses based on terminal 

distance, convex-hull or polar histograms. Moreover, LM is restricted to a purely 

morphometric domain and does not allow the direct estimation or modeling of functional 

characteristics, such as electrotonic structure or electrical impedence. Thus, the additional 

use of external simulation environment such as NEURON (http://www.neuron.yale.edu) 

to investigate the relationship between morphological and electrophysiological 

properties
6,17,32 

is required. However, none of these software applications (3DMA, 

NeuroExplorer or NEURON) enables any of the key LM advantages, such as the 

extensive and unique list of available metrics, the flexibility to access the tool both online 

and as standalone application, the direct statistical comparison between and/or search 

within cell groups and the morphological specification of subparts of neuronal structures.  

Step-by-step examples 
The procedure detailed below describes a set of representative morphometric 

analyses. In particular, after a preliminary step of data preparation, this protocol 

illustrates the extraction of total length, surface and volume data (A). These are standard 

scalar parameters that quantify various aspects of the neuronal arbor size. Next (B) is the 

derivation of the histogram distribution of branch length, that is, the frequency of 
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distances between consecutive bifurcations or between a bifurcationand a termination 

along the neural path. This metric provides an assessment of the local variability at the 

branch level within the neuronal population. The following two cases (C and D) 

characterize the inter-relations between surface area and relative path distance, and 

between number of internal basal branches and branch order, respectively. These are 

powerful variations of the classic ‘Sholl analysis’, which was originally introduced to 

capture the branching patterns as a function of the cell spatial surroundings
50

. Sholl plots 

were defined before the digital era based on the available pencil tracings on paper, as the 

number of branches intersecting a series of concentric circles versus the radii of the 

circles. The use of path (instead of radial) distance provides a more natural and ‘cell-

centric’ perspective, and also captures the full 3D spatial extent as opposed to a planar 

projection. The choice of a ‘relative’ coordinate system (essentially normalizing the path 

to the maximum distance from soma to tips) enables the comparison of trees with very 

different sizes. Moreover, switching the dependent variable to surface area (from number 

of branches) enhances the functional relevance of the analysis by reporting a measure 

related to the neuronal electrotonic structure and the number of synapses. The selection of 

‘internal’ branches seamlessly instantiates a further important distinction by including in 

the analysis bifurcating branches and excluding terminating ones. Finally, the remaining 

set of user cases exemplifies other aspects of the functionality available in LM. One case 

(E) consists of the statistical comparison of two sets of neurons based on their total 

length, total surface and mean branch order. Another (F) searches and finds within a large 

data set all the neurons with volume 42,000 mm
3
 and length 418,000 mm. These search 
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results are then pipelined and subjected to statistical analysis (G). The last case (H) 

tabulates surface area in basal dendrites farther than two bifurcations away from the soma 

as a function of relative path distance in individual subtrees. These instances are offered 

as typical usage examples from our practical experience with LM. A large number of 

additional useful combinations of this functionality provides ample opportunity for other 

possible morphometric analyses. 

 

MATERIALS 
EQUIPMENT SETUP 

 All protocols have been tested on: (i) Intel Pentium IV processor 2.8 GHz with 1.5 

GB of random access memory (RAM) running Windows XP operating system (OS) 

for both online and stand-alone versions; (ii) Intel dual quad core processor 2.0 GHz 

with 4 GB of RAM running Linux Fedora 7 OS for both online and stand-alone 

versions and (iii) Intel core duo 2.16 GHz processor with 1 GB of RAM running Mac 

OS X for online version only. 

 The LM tool can be downloaded and run locally as a stand-alone application on 

Windows or Linux machines (for stand-alone setup on the local hard drive, follow 

steps in Box 1). 

 LM can also be accessed directly online with any (Java enabled) Internet browser and 

OS. On the server side, the requests are served by an Intel dual quad core processor 

with 4 GB of RAM running on Fedora 7 OS. On the client side, protocols were tested 

on: (i) Internet Explorer and Netscape on Windows XP machines; (ii) Mozilla Firefox 

on Windows and Linux machines and (iii) Safari on Mac machines. ∆ CRITICAL For 
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online usage, a security prompt asks for reading and writing privileges. Granting this 

permission by accepting the signed certificate allows LM to read locally stored cells 

and write the output results on the user’s local hard disk. 

 

PROCEDURE 
Data preparation 

1| To run these demonstrations, sets of neurons need to be downloaded from 

NeuroMorpho.Org. In particular, all hippocampal CA1 and CA3 neurons from Amaral’s 

archive are needed. Go to http://www.NeuroMorpho.Org, and select ‘Metadata’ under the 

left side ‘Search by’ menu. 

2| Click on ‘Brain Region’. Select ‘Hippocampus’ and ‘CA1’ from the drop-down lists. 

3| Click on ‘Archive’ and choose ‘Amaral’ from the drop-down list. 

4| Hit the ‘Show Summary’ button and at the bottom of the page. Click ‘Select All’ and 

‘get SWC files of selected neurons’. 

5| Download the ZIP file and extract its content to ‘AmaralOrigCA1’ folder on the local 

hard drive. 

6| Repeat these steps by choosing ‘Hippocampus’ and ‘CA3’ in the Brain Region menu 

and submenu respectively, and select ‘Amaral’ under Archive. Finally, download the ZIP 

file and extract its content to ‘AmaralOrigCA3’ folder. 

Step-by-step case examples 

7| On the basis of the information described in INTRODUCTION (step-by-step case 

examples), choose which cases (A–G) to continue with. 

(A)  Extraction of total dendritic length, surface and volume data 
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! CAUTION Make sure all the windows and check boxes are reset before switching 

from one example to another. Use the ‘Remove All’ buttons in the respective panels 

and uncheck the previously checked options. 

  (i) In the Specificity panel, select Type from left list. Press the Add button. 

 (ii) Set = for Operator. Input 4 for Value. A type equal to 4 in NeuroMorpho.Org 

corresponds to apical dendrites. 

(iii) Select Type from the left list. Press the Add button. 

(iv) For the second row in the left table, set OR for Connector. Set = for Operator. 

Input 3 for Value. A type equal to 3 corresponds to basal dendrites. 

 (v) In the Function panel, select Volume, Length and Surface from the top left 

list. Multiple functions can be selected by keeping the Ctrl key pressed. Press the 

Add button. All three metrics should now appear in the top right white window 

(Fig. 3). 

(vi) In the Input panel, click Add (top left) and select the c10261.CNG.swc and 

c11563.CNG.swc neurons from AmaralOrigCA1 folder. 

            (vii) In the Go panel, hitting the Go button will result in a display similar to Table  

(B) Histogram distribution of branch length 

(i) In the Specificity panel, select Type from the left most list. Press the Add 

Button. 

(ii) Select Operator and set it to =. Input 4 in the Value cell. 

(iii) Select Type from the left list and press the Add Button. 
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(iv) For the second row in the left table, set OR for Connector. Set = for Operator. 

Input 3 for Value cell. 

(v) In the Function panel, select branch_pathlength from both top and bottom left 

panels. Select Width of Bins and set its value to 25. Press the Add button. 

! CAUTION Do not click the Add button before entering the value 25 for Width 

of Bins. Otherwise, the default value (of 10) will be assumed by the LM 

executable. 

            (vi) In the Input panel, click Add (top left) and select the AmaralOrigCA3 folder. 

            (vii) In the Output panel, select the Global check mark. 

(viii) In the Go panel, hitting the Go button will produce the data plotted in the 

inset of Figure 4a. 

 (C) Inter-relation between surface area and relative path distance 

              (i) In the Specificity panel, select Type from left list. Press the Add button. 

              (ii) Select Operator and set it to =. Input 4 for Value cell. 

(iii) In the Function panel, select Surface from top left list and PathDistance 

from the bottom left list. 

(iv) In the Input panel, click Add (top left) and select the c10861.CNG.swc 

neuron from AmaralOrigCA3 folder. 

(v) In the Go panel, hit the Go button to start the measurement process. Figure 

4b is generated by executing Case C on all Amaral CA3 neurons, first by 

selecting only apical dendrites and then by selecting only basal dendrites. 
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(D) Inter-relation between number of internal basal branches and 

branch order 

(i) In the Specificity panel, select Type from left list. Press the Add button. 

            (ii) Select Operator and set it to =. Input 3 for Value cell. 

           (iii) Select TerminalSegment from left list. Press the Add button. 

(iv) Set AND as Connector and > as Operator. Input 1 for Value cell. Values 41 

return only internal segments. 

(v) In the Function panel, select N_Branch from top left list and Branch_Order 

from bottom left list. 

(vi) Select Width of Bins check mark and set its value to 1. Press the Add button. 

(vii) In the Input panel, click Add (top left) and select c10861.CNG.swc neuron 

from AmaralOrigCA3 folder. 

(viii) In the Go panel, hit the Go button to start the measurement process. The 

results are displayed in Figure 4c as ‘Internal C10861’. 

(E) Comparison of two neuron sets based on total length, total surface 

and mean branch order 

(i) In the Specificity panel, select Type from left list and press Add. 

(ii) Set = as Operator. Input 4 for Value cell. 

(iii) Select Type from left list. Press the Add button. 

(iv) Set OR for the second row Connector. Set = as Operator. Input 3 for Value 

cell. 

(v) In Function, Add Length, Surface and Branch_Order, following the steps 

outlined in Case A above. 

(vi) Mark the Stat_tests box. Of the check boxes appearing in the top right display 

(one for each element of the statistical summary), select Sum for Length and 

Surface, and Avg for Branch_Order. 

(vii) In the Input panel, Add all neurons of the CA1 group by selecting the 

AmaralOrigCA1 directory as Group1. 
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(viii) Check the Stat_tests box and Add all neurons of the CA3 group by selecting 

the AmaralOrigCA3 folder as Group2. 

(ix) In the Tests options at the bottom of the panel, choose Wilcoxon test and 

among the Corrections choose Bonferroni. 

(x) Executing the analysis in the Go panel by clicking on the Go button will yield 

the (self-explanatory) results in Table 3. 

(F) Finding neurons with volume 42,000 lm3 and length 418,000 µm 

(i) In the LMSearch panel, Add Volume and Length from the top left metric list. 

In the top right window, where both functions appear, 

select Total_Sum as Metric, the symbol 4 as Operator and the respective 

numerical values as in the heading of this use case. 

(ii) To load all the CA1 neurons of Amaral’s archive, click Choose File and select 

the ‘AmaralOrigCA1’ directory. Upon hitting Start Search, the results appear as 

in Figure 7. 

(G) Statistical analysis of search results 

(i) Perform the steps described in Case F, and then within the LMSearch panel, 

click Load to Group1. 

(ii) Repeat the search of Case F, with the following alternative criteria: Volume < 

2,000 mm
3
 OR Length < 18,000 mm. To do so, the only steps to change are the 

selection of the Connector as OR for the second function in the right list of the 

LM Search panel, and the use of the o symbol under Operator for both functions. 

After executing the search, select Load to Group2 (if the button cannot be found, 

enlarge the window). 

(iii) In the Specificity panel, select Type from left list. Press the Add button. 

(iv) Set = as Operator. Input 4 in the Value cell. 

 (v) Select Type from left list. Press the Add button. 

(vi) Set OR for the second row Connector and ¼ as Operator. Input 3 for Value. 

(vii) Go to Input tab, check Stat_tests to enable the statistical comparison analysis. 

Also, select Wilcoxon from Tests and Bonferroni from Corrections. 
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(viii) Switch to the Function tab, check Stat_tests, and select Terminal_degree, 

Branch_Order, Bif_tilt_local (local bifurcation tilt angle) and Rall_Power metrics. 

Click the Add button, making sure that all four metrics appear in the top left 

window.  Select Max for Terminal_degree and Branch_Order, and Avg for 

Bif_tilt_local and Rall_Power. 

            (ix) In the Go tab, click the Go button. The results will appear as in Table 4. 

 

Table 2-3. Output of case E. Each line can be read from right to left as metric function, Statistic, sample size for 

Group 1, mean value for Group 1, s.d. for Group 1, sample size for Group 2, mean value for Group 2, s.d. for 

Group 2, P value for Wilcoxon test, P value corrected with Bonferroni. 
Function_name Statistic N1 Mean1 SD1 N2 Mean2 SD2 Wilcoxon 

P_Values 
Bonferroni 
correction 

Length Sum 23 24613.59 8104.32 24 53566.56 5451.14 2.14E-09 6.41E-09 

Surface Sum 23 25344.97 7988.32 24 57208.74 8079.64 2.14E-09 6.41E-09 

Branch_Order Avg 23 8.60 1.60 24 4.85 0.80 5.20E-09 1.56E-08 

 

 

 

Table 2-4. Output of case G. Each line can be read from right to left as metric function, Statistic, sample size in 

Group 1, mean value for Group 1, s.d. for Group 1, sample size in Group 2, mean value for Group 2, s.d. for 

Group 2, P value for Wilcoxon test, P value corrected with Bonferroni. 

Function_name Statistic N1 Mean1 SD1 N2 Mean2 SD2 
Wilcoxon 
P_Values 

Bonferroni 
correction 

Bif_tilt_local Avg 13 123.23 7.18 10 125.62 7.43 0.268 >=1 

Rall_Power Avg 13 1.08 0.21 10 1.30 0.10 0.00217 0.00867 

Terminal_degree Max 13 112.69 16.15 10 111.90 14.35 0.3434 >=1 

Branch_Order Max 13 24.23 5.61 10 25.90 4.28 0.184 0.737 
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(H) Tabulating surface area in basal dendrites farther than two 

bifurcations away from the soma as a function of relative path 

distance in individual subtrees 

(i) In the Specificity panel, select Type from left list. Press the Add button. 

(ii) Set = as Operator. Input 3 for Value cell. 

(iii) Select Branch Order from left panel and press Add. Set AND as Connector 

and 4 as Operator. Input 2 in Value. 

(iv) In the Function panel, select Surface from the top left metric list and 

PathDistance from the bottom left list. Click on Number of bins (determining in 

how many equal values path distance gets subdivided) and set its value to 5 in the 

text box. Then, press the Add button. 

(v) In the Input panel, add the single cell c10261.CNG.swc from the 

AmaralOrigCA1 folder. 

(vi) In the Output panel, mark the Subtrees Group box and check the Analyze 

Subtrees option. 

(vii) Finally, hit the Go button in the Go panel. In this case, only three subtrees 

satisfy the Specificity criteria, as presented in Table 5. ? TROUBLESHOOTING 

 

 TIMING 

All the examples explained in previous sections can be executed both on local and 

on-line version of LM. The on-line LM tool response time varies between few seconds 

and few minutes. For small number of input files (1–3), the output is given almost 

immediately. If the files are more than ten, then a response time between 1 and 2 min is 

normal. A statistical test between two groups, each with 10–25 neurons, would take 2 

min. It is preferable to use the stand-alone version of LM for all computationally heavy 

tasks, such as statistical tests, subtree analysis and morphological searches. The on-line 



 

57 

 

LM loading time is between 1 and 2 min depending on the underlying RAM capacity of 

the machine and its Internet connection speed. 

 

? TROUBLESHOOTING 

When running the stand-alone version, if the graphical user interface fails to show 

up by double clicking the Lm.jar icon, use the command line java –jar Lm.jar instead. An 

official LM support list server provides assistance to LM users for technical and scientific 

questions (e-mail: l-measure-software-support-list@googlegroups.com). 

 

ANTICIPATED RESULTS 
At this stable and mature stage of development, LM strives to balance an intuitive 

and user-friendly design with a flexible execution of the measurement operations. With 

moderate practice, users can exploit the most sophisticated options of single-cell 

morphometry in just a few clicks. The dual availability of LM online and as a 

downloadable executable allows both an agile use through a standard web browser and 

the incorporation of the morphometric functionality in scripted batch processes and 

arbitrary manipulations of the results. In addition to the user documentation, a web-

accessible and Email-based support group is also active. Future additions and upgrades 

will be prioritized on the basis of the community requests. 

The protocols presented do not exhaustively cover all LM functionality, but show 

a range of potential applications. For example, Tables 2–5 report the results of 

morphological analysis carried out on multiple neurons, lending themselves to a direct 

interpretation. In Table 2, the two cells present total cable lengths of 13,257.7 mm and 

mailto:l-measure-software-support-list@googlegroups.com
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13,044.9 mm, respectively. For the first neuron (c11563.CNG.swc), the distance between 

two consecutive tracing points averages 14.21 mm (±6.42), ranging from 1.12 to 42.51 

mm over 933 data points. In Table 3, two groups of neurons, one with 23 cells and the 

other with 24, are statistically compared with respect to length, surface and branch order. 

Only the difference in the average value of branch order is statistically significant 

between the two groups. Similarly, Table 4 presents the comparative analysis of two 

other groups of neurons selected based on a morphometric search. Results show 

statistical difference only for the average value of Rall’s power. Finally, Table 5 shows 

results relating surface area to path distance for the three basal dendrites of an individual 

neuron. 

 With minimal practice, simple variations of the above options will enable the 

reader to reproduce, alter and enhance the data displayed in the four panels of Figure 4, 

which were plotted with MS Excel after saving the results on the local hard drive as ‘.xls’ 

file through the Output File button in the Output panel. 

 

Table 2-5. Output of case H. Tabulating surface area versus path distance for the three basal subtrees of neuron 

c10261. Each line can be read from right to left as neuronal tree name, followed by the two tabulated metrics. 

The V values 

represent the extracted measures for the five bins (e.g., V1: first value for bin 1). 

Tree name Metric V1 V2 V3 V4 V5 V6 
c10261.CNGtree4.swc PathDistance 112.7 142.09 171.48 200.87 230.26 259.65 

 Surface 26.87 58.51 68.67 90.5 67.42 16.03 

c10261.CNGtree2.swc PathDistance 60.07 108.22 156.36 204.51 252.65 300.8 

 Surface 71.4 305.64 403.86 459.72 264.7 93.57 

c10261.CNGtree6.swc PathDistance 84.02 126.05 168.09 210.13 252.16 294.2 

 Surface 51.37 162.17 254.11 339.39 211.77 25.36 
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Abstract 
Neuronal morphology is diverse among animal species, developmental stages, 

brain regions, and cell types. The geometry of individual neurons also varies substantially 

even within the same cell class. Moreover, specific histological, imaging, and 

reconstruction methodologies can differentially affect morphometric measures. The 

quantitative characterization of neuronal arbors is necessary for in-depth understanding of 

the structure-function relationship in nervous systems. The large collection of 

community-contributed digitally reconstructed neurons available at NeuroMorpho.Org 

constitutes a “big data” research opportunity for neuroscience discovery beyond the 

approaches typically pursued in single laboratories. To illustrate these potential and 

related challenges, we present a database-wide statistical analysis of dendritic arbors 

enabling the quantification of major morphological similarities and differences across 



 

63 

 

broadly adopted metadata categories. Furthermore, we adopt a complementary 

unsupervised approach based on clustering and dimensionality reduction to identify the 

main morphological parameters leading to the most statistically informative structural 

classification. We find that specific combinations of measures related to branching 

density, overall size, tortuosity, bifurcation angles, arbor flatness, and topological 

asymmetry can capture anatomically and functionally relevant features of dendritic trees. 

The reported results only represent a small fraction of the relationships available for data 

exploration and hypothesis testing enabled by digital sharing of morphological 

reconstructions. 

 

Keywords: L-Measure, NeuroMorpho.Org, Neuroinformatics, dendritic topology, 

cluster analysis, cellular neuroanatomy  
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Introduction 
The diversity of neuronal morphologies can have broad and profound functional 

consequences in the nervous system, which have only begun to be understood. Dendritic 

geometry directly impacts (and mediates) computational processes such as signal 

integration, coincidence detection, and logical operations (London & Häusser, 2005). The 

location, orientation, and shape of neural arbors enable (and strongly affect) network 

connectivity, providing the anatomical substrate to investigate structure-function 

relationship at the circuitry level (Shepherd & Svoboda 2005; Briggman & Denk 2006; 

Kajiwara et al. 2008; Weiler et al. 2008; Burgalossi et al. 2011; Ropireddy & Ascoli 

2011; Brown et al. 2012). These areas of scientific investigation apply to the 

morphological differences observed both within and between neuron types across animal 

species, developmental stages, and brain regions (Figure 1).  

 

Three-dimensional digital reconstructions of axonal and dendritic arbors, 

combined with neuroinformatics tools and computational approaches, allow considerable 

opportunities for data processing, analysis, and modeling at both cellular- and systems-

level (Parekh & Ascoli, 2013). The open availability of these reconstructions in databases 

such as NeuroMorpho.Org (Figure 2) enables re-analysis of shared data (Ascoli, 2007). 

As of version 5.6, the repository contained over 10,000 reconstructions contributed by 

120 laboratories from 21 species, 85 brain regions and 123 cell types, representing more 

than 240,000 hours of manual tracing. NeuroMorpho.Org users can browse the data by 

animal species, brain region, cell type, and contributing lab. The “search by” option can 

be used to select and combine specific metadata criteria (Figure 2, left panel top) from a 
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drop-down menu of categories such as developmental stage, experimental condition, and 

reconstruction method. The morphometry search functionality (Figure 2, left panel 

bottom) allows users to find neurons matching any combination of more than 20 

morphometric criteria. From the resulting summary list of neurons (Figure 2, middle 

panel), individual pages for each reconstruction can be retrieved, thus displaying related 

metadata, a link to the associated publication, and the pre-computed morphometrics 

(Figure 2, right panel). Each reconstruction is downloadable as the standardized version 

along with the original contributed version. The log files detailing the changes made 

during the standardization process are available for download as well. From the 

individual neuron pages, users can also launch an animation file and an interactive 3D 

viewer. 
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Figure 3-1. Sample of NeuroMorpho.Org reconstructions representing the anatomical diversity of dendritic and 

axonal trees. Each image is labeled (clockwise from its right side) with the somatic brain region, neuron types, 

total arbor length, and arbor width. Somata: red; axons: gray; (basal) dendrites: green; apical dendrites: 

magenta. 

 

Quantitative morphometry of neuronal reconstructions is often used for shape 

analysis (Uylings & van Pelt, 2002; Rocchi et al., 2007), also in conjunction with 

biologically-inspired computational simulations (Ascoli et al., 2001; van Ooyen, 2011). 

For example, statistical distribution of morphological features are used in stochastic 

growth algorithms for generating virtual trees (van Pelt et al., 1997; Donohue & Ascoli 

2008; Koene et al., 2009; Memelli et al., 2013; Evans & Polavaram 2013). Moreover, 

statistical analyses of neuronal reconstructions facilitate and support theoretical 

investigations. These studies for instance provided evidence for optimal wiring principles 

of neuronal arbors (Wen & Chklovskii, 2008) and their power law distributions, which 

may relate to synaptic input sampling (Lee & Stevens, 2007; Snider et al., 2010; Teeter & 

Stevens, 2011; Cuntz et al., 2012). 

 

This study uses the L-Measure software tool (Scorcioni et al., 2008) to extract 

morphometric data from neuronal arbors for large scale statistical analyses of available 

data. L-Measure computes simple statistics of morphometric features as well as their 

frequency distribution and inter-dependence (e.g. how arbor length varies with path 

distance from the soma). This tool has been used in a broad range of applications, 

including multidimensional analysis of neuronal shape (Costa et al., 2010; Zawadzki et 

al., 2012) and comparative studies of sensory neurons in the fly (Ting et al., 2014) or of 
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respiratory neurons in the pre-Bötzinger complex (Koizumi et al., 2013). In conjunction 

with L-Neuron (Ascoli & Krichmar, 2000), L-Measure has also been employed to 

generate and validate a large-scale model of the dentate gyrus with half a million neurons 

(Schneider et al., 2012). L-Measure has also enabled analysis of non-neuronal arbors 

such as arterial vasculature (Wright et al., 2013), and was integrated into other digital 

reconstruction and analysis systems, such as the Farsight toolkit (http://farsight-

toolkit.org) and Vaa3D (https://code.google.com/p/vaa3d). 

 

With the first successes in high-throughput automatic digital neuronal tracing 

(Chiang et al., 2011) and overall increasing volumes of published and shared 

reconstructions (Halavi et al., 2012), ‘big data’ opportunities for knowledge mining are 

starting to emerge. On the one hand, this increasing availability of shared data may foster 

remarkable discoveries. On the other, the heterogeneous source of data and disparate 

experimental conditions also pose non-trivial challenges to database-wide analyses. Here 

we utilize exploratory data analysis to quantify morphological similarities and differences 

across broadly diverse dendritic arbors. In the process, we recognize several critical 

limitations when pooling together widely non-uniform data sets. Consequently, we 

propose selection criteria and methodological choices aimed to maximize the biological 

relevance of the results. With such a research design, dimensionality reduction and 

unsupervised clustering reveal definitive morphological relationships between specific 

neuron types involving branching density, topology, size, and tortuosity. At the same 

http://farsight-toolkit.org/
http://farsight-toolkit.org/
https://code.google.com/p/vaa3d
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time, we identify the most delicate factors in both data and metadata that must be 

considered to optimize the impact of future large-scale morphological investigations.
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Figure 3-2. Search and download features available in NeuroMorpho.Org. Users can query the database via a 

number of functionalities to obtain desired reconstructions. The example provided here shows two such options. 

Reconstructions can be identified by selecting specific metadata across different categories such as species, brain 

region, cell type, staining method, and original file format (left panel, top). Alternatively, reconstructions can be 

selected by a morphometric search (left panel, bottom), wherein users can restrict the search to a specific arbor type 

(for example, apical dendrites) and define quantitative criteria to restrict particular measures (such as length or number 

of bifurcations) to ranges of interest. The resulting reconstructions can be displayed (among other options) with a 

summary of associated metadata (middle panel). The complete metadata and morphometric details are included within 

each individual neuron page (right panel). 
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Methods 
 

Selection of datasets and morphometric features for analysis 
 

The entire pool of 10,004 reconstructions downloaded from NeuroMorpho.Org 

v5.6 was screened for a pre-determined set of inclusion criteria to ensure meaningful 

interpretability of the results. Specifically, in order to be considered for analysis, digital 

neuron reconstructions had to (a) belong to the ‘control’ experimental condition; (b) 

contain at least four dendritic bifurcations; (c) include branch-path information and not 

just bifurcation connectivity; and (d) have non-zero depth range (eliminating two-

dimensional tracings). The 7143 reconstructions matching these characteristics were 

analyzed by their NeuroMorpho.Org metadata assignments to specific animal species, 

brain region, and cell type. Subsequently, for the purpose of cluster analysis chi-square 

testing (see below), groups of fewer than 40 neurons in any metadata combination of 

species, brain region, cell type, and lab of origin were excluded to ensure sufficient 

statistical power (Yates et al., 1999). This further selection reduced the number of 

reconstructions to 5,099, divided into 45 unique metadata groups. 

 

Because of the major differences between axonal and dendritic morphology, and 

the remarkable abundance of reconstructed dendrites relative to axons, only dendritic 

arbors were included in this study. Focusing on a more consistent and comparable dataset 

allows addressing more biologically relevant questions. Moreover, this choice reduces the 
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errors due to incomplete reconstructions, which are considerably more severe for 

projection axons than for dendrites. 

 

L-Measure allows extraction of approximately 100 meaningful distinct features 

from each neuron (see http://cng.gmu.edu:8080/Lm for full listing and detailed 

definitions). Of these, all measures related to branch diameter were excluded due to their 

strong dependence on imaging resolution, optical magnification, and other experimental 

details causing excessive inter-laboratory variability (Scorcioni et al., 2004). All other 

features were subjected to cross-correlation analysis, and those with correlation greater 

than 80% were sequentially eliminated one at a time (re-running the cross-correlation at 

each step) as they were considered highly redundant with the rest of the features. This 

selection left 27 features (Table 1) that were used for the remainder of the analysis. 

Dendritic arbor size measures consisted of total length, number of tips, height, width, and 

depth. Bifurcation measures included average partition asymmetry as well as amplitude, 

tilt, and torque angles measured locally with the adjacent tracing points or remotely with 

the preceding and following bifurcations or terminations. Branch measures consisted of 

length, tortuosity, and fractal dimension. Lastly, local measures included branch order, 

terminal degree, path distance from soma, and helicity. 
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Table 3-1. Coefficients of variation of all L-Measure derived morphometric features. A detailed description of each 

metric is provided at http://cng.gmu.edu:8080/Lm/help/index.htm. 

 
Morphometric features CV for Dendrites 

I. Whole tree/neuron size hierarchy 
groups 

cluster 
groups 

Summed  total arbor length 1.38 0.57 

Number of arbor tips 1.65 1.82 

Total arbor width 0.68 0.43 

Total arbor height 0.65 0.51 

Total arbor depth 1.12 0.65 

II. Bifurcation measures  

Avg. partition asymmetry 0.27 0.26 

Avg. local amplitude angle 0.17 0.17 

Max. local amplitude angle 0.19 0.18 

Avg. remote amplitude angle 0.21 0.18 

Max. remote amplitude angle 0.24 0.23 

Avg. local tilt angle 0.14 0.13 

Max. local tilt angle 0.08 0.08 

Avg. remote tilt angle 0.09 0.08 

Max. remote tilt angle 0.05 0.05 

Avg. local torque angle 0.17 0.16 

Max. local torque angle 0.11 0.11 

Avg. remote torque angle 0.18 0.17 

Max. remote torque angle 0.10 0.10 

III. Branch measures  

Avg. tortuosity 0.08 0.07 

Avg. fractal dimension 0.03 0.02 

Max. fractal dimension 0.15 0.14 

Avg. branch path length 0.59 0.41 

Max. branch path length 0.81 0.53 

IV. Compartment measures  

Max. branch order 0.85 0.85 

Avg. terminal degree 0.71 0.68 

Max. path distance from soma 0.76 0.57 

Max. branch helicity 0.19 0.16 

 

 

http://cng.gmu.edu:8080/Lm/help/index.htm
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Principal Component Analysis (PCA) and cluster analysis 
 

In order to reduce the dimensionality of the morphometric space for unsupervised 

clustering, PCA was run on the feature dataset using the ‘prcomp’ routine in R (v. 

2.15.1). This transformation rotates all extracted measures (27 features for 5,099 arbors) 

such that the first dimensions in the new space capture the most variance (in decreasing 

order). Prior to PCA, all features were normalized by their respective standard deviations, 

and the features with absolute skewness greater than unity (17/27) were log-transformed. 

Negatively skewed distributions were inverted and distributions with negative values 

were shifted prior to log-transformation. These steps ensure an approximately normal 

distribution of the input features, as assumed by PCA and subsequent clustering. The 

resulting first 17 components, accounting for 95% of the variance, were retained for 

cluster analysis. 

 

Next, the dendritic arbors were clustered based on their principal morphometric 

components to seek a shape-based classification independent of a priori metadata 

grouping. We selected a model-based approach, in which mixtures of Gaussians are 

found that together have maximal likelihood to fit the data. A cluster is the collection of 

arbors that are most likely to come from the same multivariate Gaussian (referred to as a 

cluster model). We used the R ‘MCLUST’ package (Farley et al., 2009) for estimating 

optimal model parameters and selecting the most likely model type given the dataset. The 

model types include spherical, ellipsoidal (with a diagonal covariance matrix), and 

ellipsoidal with orientation (indicating correlation between dimensions). This flexibility 
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makes model-based clustering a more suitable choice than other popular methods (e.g. K-

means) for analysis of heterogeneous data sets collated from different experiments, labs, 

and conditions. Not only are clusters not limited to fit spherically symmetric 

distributions, but also each cluster is allowed to have its own distinct variance, shape, and 

orientation.  

 

MCLUST implements Expectation Maximization (EM) to select models using the 

Bayesian information criterion (BIC). The BIC computes the log likelihood of the cluster 

model, but includes a penalty for the number of parameters weighted by the log of the 

dataset size. Thus, goodness of fit is balanced against model simplicity according to the 

following equation, whereby the largest value determines the best model:  

    
Equation 1 

BIC  -2  ln  ̂      ln( )  
 

Here,  ̂ is the maximized likelihood computed on the marginal likelihood P(y|Mi) 

of the candidate model Mi given the observed data y (y1,…yn); k is the number of free 

parameters to be estimated; and n is the number of data points.  

 

The specification of MCLUST model types and parameters is coded by three 

letters in each of three positions. The three positions represent the model size, shape, and 

orientation variables, respectively. Letter ‘E’ indicates that the parameters are equivalent 

across all clusters, ‘V’ signifies variable parameter values, and ‘I’ denotes that the 
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corresponding parameter is not applicable. For example, ‘EII’ indicates spherical 

Gaussians (no shape or orientation) with equal size among clusters, which corresponds to 

the traditional K-means method. Similarly, the ‘VVV’ model type indicates varying size, 

shape, and orientation parameters. This latter model was determined by EM to be optimal 

for the data analyzed here despite its greater BIC cost implied by the larger number of 

free parameters. Thus, EM provides information theory-derived evidence that the 

performance of simple uniform spherical (K-means-like) clustering is sub-optimal for the 

data used in this study. 

 

Cluster distances from the center of coordinates were measured by Z score to 

account for relative variance. Pairwise cluster distances were computed as the distances 

between the corresponding centers normalized by the cluster scatters, which are defined 

as averaged distance of the cluster points from the respective cluster center (Dunn, 1973). 

The associations among clusters and metadata groups were assessed using the chi-square 

test of independence, using the (marginal) frequencies of group and cluster occurrences 

to calculate the expected association matrix, and computing the Bonferroni-corrected p-

values of the observed co-occurrences from the standardized residuals. 

 

Results 
 

Variability of dendritic morphology and comparison by metadata 
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To quantify the heterogeneity of the data, we computed the coefficient of 

variation (CV) for each of the 27 measured features over the entire set of 7,143 neurons 

as well as over the subset of 5,099 neurons used in cluster analysis (Table 1). Tortuosity, 

fractal dimension, and tilt angle are the least variable features, with a CV of less than 

10%. In contrast, size measures are the most variable, with a CV close to or greater than 

unity. This apparent distinction between “local” (branch-level) vs. “global” (neuron-

level) features may reflect both the effect of biological constraints (e.g. varying 

dimensions of different species from insects to human) and experimental conditions (slice 

vs. whole-animal preparations). Most other metrics display intermediate CV values.  
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Figure 3-3. NeuroMorpho.Org v5.6 data is categorized along three major metadata dimensions, namely species, 

brain regions, and cell types. Reconstructions are hierarchically organized in each of these dimensions. Every node in 

the hierarchy is labeled by the number of associated reconstructions. The line lengths are proportional to the size of the 

child nodes relative to their parent nodes. A. In the species hierarchy nodes with fewer than 55 reconstructions are 

grouped together with the ‘not reported’ data under ‘Others’. In the brain regions (B) and cell type (C) hierarchies the 

grouping thresholds are 300 and 100, respectively. 

 

Dendritic morphologies were then compared across species, cell types, and brain 

regions. The corresponding metadata information for each reconstruction in 

NeuroMorpho.Org was organized hierarchically (Figure 3), forming groups with a 

sufficient number of neurons to enable statistical comparison and meaningful 
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interpretation of the results (at least 55 for species, 300 for brain regions, and 100 for cell 

types). Groups with fewer reconstructions were combined into ‘others’ together with the 

reconstructions missing the detailed metadata information at the corresponding level of 

the hierarchy (marked as ‘not reported’ in NeuroMorpho.Org).  

 

The “leaf” nodes in each of the three metadata hierarchies (12 for species, 14 for 

brain regions, and 10 for cell types) were compared with a selection of representative 

morphometric features (Figure 4). In a limited set of cases, individual groups could be 

distinguished from the rest or from each other. For example, blowfly and cat 

reconstructions stood out against the neurons of all other species for their large 

topological asymmetry and Z span, respectively. The dendritic arbors of magnopyramidal 

cells tended to have extensive total length but low fractal dimension, whereas granule 

cells displayed opposite characteristics. At the same time, most groups show extensive 

overlap of their morphometric variance, preventing firm statistical conclusions. Part of 

the reason for such broad distributions is likely due to the non-uniform nature of archive-

wide data sets pooled together across different experiments and laboratories. It is also 

clear that these metadata dimensions are not mutually independent because of 

evolutionary constraints (e.g. bony fishes lack a neocortex) and the finite sample of 

reconstructions (e.g. all monostratified ganglion cells came from the mouse retina). More 

generally, while popular in comparative anatomy, such a pairwise approach lacks the 

ability to reveal multivariate effects that are unavoidable given the non-random 

association between metadata groups and experimental conditions.  
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Figure 3-4. Inter-group differences of representative morphometric features within each main metadata 

dimension. Crosshairs represent medians and quartile ranges of each group corresponding to the leaf nodes in the 

hierarchies shown in Fig. 3. Dotted lines indicate “other” groups with merged data. A. Differences in arbor depth and 

topological asymmetry among species. B. Differences in arbor width and average bifurcation angle among brain 

regions. C. Differences in fractal dimension and total arbor length among cell types. 
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Extracting primary morphological features by PCA and cluster models  
 

In order to overcome the above limitations, we adopted an unsupervised 

clustering approach following dimensionality reduction with PCA. The first step is to 

reduce the initial parameter space to fewer orthogonal dimensions capturing most of the 

data variability. In mathematical terms, PCA identifies the linearly independent 

combinations of variables ordered by the amount of variance they explain. From the (27) 

original morphometric features, the first 17 dimensions of PCA covered 95% of the data 

variance and were used for cluster analysis.  

 

The first 6 of these principal components were responsible for three quarters of 

the variance and displayed distinctive compositions of their primary morphometric 

features (Table 2). Identifying the heaviest contributors in the linear combination of 

morphometric features of each principal component (“loadings”) is useful to aid 

subsequent interpretation of the results. The first component (PC1) is positively loaded 

on bifurcation angles and negatively on branch path length, reflecting high branching 

density. The morphometric features most descriptive of PC2 and PC3 are respectively 

overall size and branch tortuosity. Together, the first three components capture the 

majority of the data variance. The simplest morphological descriptors of PC4, PC5, and 

PC6 are arbor flatness (related to torque angle), fractal dimension (or “space filling”), and 

topological asymmetry (the average normalized sub-tree partition at bifurcation points), 

respectively. 
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Table 3-2. Primary morphometric loading (with absolute values of 0.25 or higher) of the first six principal 

components of the dendritic arbors used in cluster analysis. 

Principal Component Morphometric features Loading 

PC1 (27% of cumulative 

variance): branching 

density                                                                                                                                                                                                                          

Max. remote amplitude angle 0.29 

Avg. remote amplitude angle 0.27 

Max. local amplitude angle 0.26 

Avg. terminal degree 0.25 

Max. branch order 0.25 

Avg. branch path length -0.28 

Avg. remote tilt angle -0.26 

 

PC2 (43% of cumulative 

variance): size 

Summed total arbor length 0.4 

Total arbor height 0.36 

Max. path distance from soma 0.34 

Total arbor width 0.33 

 

PC3 (58% of cumulative 

variance): branch 

tortuosity 

Avg. tortuosity 
0.42 

Avg. fractal dimension 
0.34 

Avg. local tilt angle 
-0.34 

 PC4 (64% of cumulative 

variance): arbor flatness Avg. remote torque angle 
0.63 

Avg. local torque angle 0.62 

   

PC5 (70% of cumulative 

variance): fractal 

dimension and  tilt angles 

Max. fractal dimension 0.37 

Avg. fractal dimension 0.35 

Avg. remote tilt angle 0.35 

Avg. tortuosity 0.25 

Max. remote tilt angle -0.32 

Avg. remote amplitude angle -0.36 

 PC6 (75% of cumulative 

variance): partition 

asymmetry and depth 

Avg. partition asymmetry 
0.41 

Total arbor depth 
0.35 
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In order to produce the most informative statistical model, unsupervised 

clustering selects the optimal number of clusters as well as their parameters, by 

maximizing the Bayesian Information Criterion (BIC). These data were best fit to six 

clusters with varying size, shape, and orientation (Figure 5). In contrast, the data were not 

adequately described by traditional spherical clusters, even if with unequal sizes (Figure 

5A). The two-dimensional data projection on the first and second components illustrates 

the relative discrimination of clusters by branching density and arbor size (Figure 5B). 

Cluster ranking by variance-normalized distances from the center of coordinates (Figure 

5C) separates the more “extreme” clusters (a-d) from those closer to the origin (e and f). 

The six clusters contain respectively 585 (a), 1488 (b), 762 (c), 555 (d), 818 (e), and 891 

(f) reconstructions. Pairwise distances (Figure 5D) reveal that one and the same cluster 

(b) is both the farthest (from a) and closest (to e) from other clusters. 
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Figure 3-5. Unsupervised cluster analysis of dendritic morphology. A. Maximization of BIC reveals marginal 

performance of spherical clustering with equal (EII) or unequal size (VII) alike relative to the models allowing 

ellipsoidal clusters. Among those, those accounting for unequal orientation (EEV, VEV, and VVV) performed better, 

especially with unequal size (VEV and VVV). The highest BIC value was attained at 6 clusters with varying size, 

shapes and orientation (VVV). B. Scatter plot of color-coded cluster assignments (a through f) projected on the first 

two principal components. The ovals represent best fitting cluster parameters. C. Cluster ranking by Z score distance 

from the origin of coordinates. D.  Pairwise inter-cluster distances normalized by the corresponding scatters. Farthest 

distances are in green and nearest are in red. 

 

Statistical associations between clusters and metadata combinations 
 

Unsupervised cluster models segregate neuronal reconstructions solely based on 

morphological features. This classification is thus complementary to, and independent of, 

the metadata associated with each reconstruction. The correspondence between the six 

morphological clusters and the 45 unique metadata groups characterized by species, brain 
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region, neuron type, and lab of origin can shed light on the most important morphometric 

signatures of each metadata group. The 45-by-6 chi-square contingency matrix (Table 3) 

reports the probabilities that the observed over-representation and under-representations 

of associations between morphological clusters and metadata groups would be due to 

chance if the observed numerical compositions of each cluster and group were 

independent of each other. For example (first data row in Table 3), pyramidal neurons 

from mouse primary somatosensory cortex in Smit-Rigter’s archive are significantly 

over-represented in cluster a (p<0.0002=10
-3.73

) and significantly under-represented in 

cluster b (p<0.001=10
-3.05

). In contrast, the proportion of these same neurons in cluster c 

is within the range expected from the sizes of this metadata group and morphological 

cluster. 

 

Interestingly, each and every metadata group is over-represented in at least one of 

the six morphological clusters. The majority (38/45) are associated with exactly one 

cluster, and all of the remaining (7/45) are each split between just two clusters. Most 

possible metadata/cluster pairs deviated significantly from the random distribution 

expected from the “null hypothesis”: 53 out of 270 were significantly over-represented 

and 87 out of 270 significantly under-represented. This overall partition of metadata 

groups in distinct clusters constitutes a remarkable outcome for a fully unsupervised 

classification method. Certain metadata groups are over-represented in one 

morphological cluster and under-represented in all other clusters, such as ganglion cells 

from mouse retina in Masland’s archive (cluster a) and pyramidal cells from human 
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prefrontal cortex in Jacobs’ archive (cluster b). Other metadata groups are over-expressed 

in one morphological cluster, but otherwise scattered throughout all other clusters per the 

respective numerical abundance, such as pyramidal cells from monkey frontal lobe in 

Luebke’s archive (cluster d) and motoneurons from rat brainstem in Cameron’s archive 

(cluster e). 

 

Table 3-3. Matrix of positive (green) and negative (red) associations between metadata groups (rows) and 

morphological clusters (columns). The Bonferroni adjusted p-values obtained by the chi-square test of independence 

are converted for ease of comparison into log10 values, inverting the sign for overrepresented (green) cells. The color 

gradient shows the interaction strength. Non-significant (p > 0.05) associations are indicated with NS. 

 Metadata Group (species, type, lab) a b c d e f 

 mouse S1 pyramidal (Smit-Rigter) 3.73 -3.05 NS 25.31 NS NS 

 rat retina ganglion (Rodger) 58.05 -4.47 NS NS NS NS 

 blowfly visual lobe tangential (Borst) 93.95 -3.52 NS NS NS NS 

 mouse retinal ganglion (Chalupa) 212.99 -15.11 NS -3.31 -6.15 -1.52 

 mouse retinal ganglion (Masland) 304.69 -23.3 -9.06 -5.8 -9.99 -9.6 

 human S1 pyramidal (Jacobs) -1.84 31.11 -2.6 NS NS -2.57 

 human parietal lobe pyramidal (Jacobs) NS 32.41 -2.21 NS NS -2.49 

 human temporal lobe pyramidal (Jacobs) NS 39.85 -1.76 NS NS -2.59 

 human M1 pyramidal (Jacobs) -4.94 61.98 -7.3 NS NS -6.02 

 human V1 pyramidal (Jacobs) -6.93 81.1 -9.97 -4.45 NS -9.14 

 human prefrontal pyramidal (Jacobs) -14.12 196.33 -19.1 -7.79 -4.08 -18.98 

 rat prefrontal pyramidal (De Koninck) NS -5.52 11.26 NS NS NS 

 rat S1 pyramidal (Meyer) NS -5.33 25.2 NS NS NS 

 rat frontal lobe pyramidal (Kawaguchi) NS -2.19 30.36 NS NS NS 

 rat S1 pyramidal (Staiger) NS -2.57 32.87 NS NS NS 

 rat S1 pyramidal (Markram) NS -5.74 38.27 NS NS NS 

 mouse neocortex pyramidal (Yuste) NS -5.52 47.63 NS NS NS 

 mouse S1 pyramidal (Krieger) NS -4.76 82.58 NS NS -1.58 

 mouse V1 pyramidal (Yuste) NS -5.42 85.76 NS -1.57 NS 

 mouse S1 pyramidal (Yuste) -3.75 -15.5 98.82 -1.96 -4.27 NS 

 monkey frontal lobe pyramidal (Luebke) NS NS NS 8.28 NS NS 

 rat DG granule (Claiborne) NS -1.66 NS 41.01 NS NS 

 monkey temp. sulcus pyramidal (Wearne_Hof) NS NS NS 64.5 NS NS 

 elephant neocortex pyramidal (Jacobs) NS -2.23 NS 67.98 NS NS 

 monkey prefrontal pyramidal (Lewis) -2.57 -13.46 -4.27 169.52 -4.83 NS 

 human inferior frontal gyrus pyramidal (Lewis) -2.84 -9.65 -4.47 253.7 -5.01 -5.18 

 rat S1 interneuron (Helmstaeder) NS -1.85 NS NS 3.96 NS 

 human ant. long insular gyrus pyr. (Jacobs) -4.34 18.18 -6.49 NS 6.57 -7.07 
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 human middle short insul. gyrus pyr. (Jacobs) -4.28 18.1 -6.41 NS 8.52 -6.97 

 rat M1 basket (Kawaguchi) NS -3.52 NS NS 11.51 NS 

 human post. short insular gyrus pyr. (Jacobs) -4.31 11.27 -6.45 NS 13.61 -7.02 

 rat S1 pyramidal (Svoboda) NS NS NS NS 17.32 NS 

 rat S1 basket (Markram) NS NS NS NS 18.41 NS 

 rat brainstem motoneuron (Cameron) NS -2.28 NS NS 35.45 NS 

 mouse M1 pyramidal (DeFelipe) NS -4.94 NS NS 49.32 NS 

 mouse basal ganglia med. spiny (Kellendonk) NS -6.66 NS NS 75.01 NS 

 mouse S1 basket (Yuste) NS -2.38 7.9 NS NS 4.61 

 fish retinal ganglion (Stevens) 17.87 -3.62 NS NS NS 6.3 

 rat CA3 interneuron (Jaffe) NS -3.09 NS NS 1.58 11.2 

 mouse S1 interneuron (Yuste) -1.95 -11.53 24.29 -2.22 NS 15.12 

 salamander retinal ganglion (Miller) NS -4.28 NS NS NS 34.77 

 rat basal forebrain large aspiny (Smith) NS -5.9 NS NS NS 64.41 

 rat basal forebrain medium spiny (Smith) -1.46 -8.47 NS NS NS 81.6 

 mouse S1 pyramidal (Brumberg) -1.54 -10.28 NS -1.83 NS 97.16 

 
 

rat olfactory bulb pyramidal (Brunjes) -4.47 -17.11 NS -4.11 -3.92 125.81 

 

 

Several observations can be made that transcend individual archive identities. All 

rodent retinal ganglion cell groups are associated with cluster a, whereas fish and 

salamander retinal ganglion cells groups are associated with cluster f. The relative cluster 

positions in the first two principal components and the corresponding morphological 

loadings (Figures 5b and Table 2) suggest that the retinal ganglion cells are larger and 

with denser branching in rodents than in non-mammals. Neocortex pyramidal cell groups 

are distributed across all clusters, with preference mostly based on species (most notably, 

human in b, rodents in c, and monkey in d). All rodent non-cortical and non-pyramidal 

cell groups are found in cluster f (along with salamander and fish retinal ganglion cells). 

Such metadata heterogeneity, together with this cluster’s minimal distance from the 
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morphological center (Figure 5C) suggests a putative “catch-all” role for cluster f, which 

makes it broadly representative of the whole dataset.  

 

In several cases, the split of a metadata group into two morphological clusters 

reflects previously reported relations. For example, three groups of pyramidal neurons 

from the (anterior, middle, and posterior) human insular gyrus in the Jacobs’ archive 

divided between clusters b and e according to structural differences related to the 

subject’s gender (Anderson et al., 2009). Similarly, mouse primary somatosensory 

pyramidal cells are over-represented in both clusters a and d, consistent with the reported 

differences between young and adults animals (Smit-Rigter et al., 2012). The grouping of 

neurons from younger mice with retinal ganglion cells (in cluster a) and from the older 

mice with pyramidal cells of larger mammals, such as monkey, elephant, and human (in 

cluster d), is expected since the former groups are characterized by the shortest branch 

path length and the latter groups by the largest. The other splits of metadata groups 

between two clusters (Table 3) revealed differences likely due to experimental 

procedures, such as staining protocol or slicing direction, which were not recognized in 

the original reports (Anderson et al., 1995; Soloway et al., 2002; Goldberg et al., 2003; 

MacLean et al., 2005; Nikolenko et al., 2007; Woodruff et al., 2009). 

  

A complementary way to examine the associations between morphological 

clusters and metadata groups is to systematically analyze the composition of each cluster 

in terms of its over-represented groups, broken down by fraction of group, fraction of 
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cluster, and neuron count (Table 4). For example (first data row in Table 4), 33% of the 

mouse S1 pyramidal cells from the Smit-Rigter archive are in cluster a, accounting for 

only 3% of this cluster (17 out of 560 neurons). Moreover, the sums of cluster fractions in 

Table 4 correspond to the proportion of neurons in each cluster (e.g. 97% for cluster a) 

that come from metadata groups which are significantly over represented with that cluster 

(green entries in Table 3). Notably, the blowfly tangential cell group is associated with 

cluster a. Moreover, clusters b and cluster c are exclusively over represented with human 

pyramidal cell (in which only basal dendrites are reconstructed) and rodent neocortex cell 

groups respectively. 

 

Pairwise morphometric comparisons of neuron groups identified by cluster 
analysis 
 

Exploratory inspection of neuronal clusters in the 6-dimensional space of 

principal morphometric components together with the association between clusters and 

metadata groups (Tables 3 and 4) suggested closer inspection of specific morphological 

features in selected pairs of neuronal groups defined by their species, brain region, and 

cell type. The first example pertains to rodent retinal ganglion cells (Figure 6), which are 

characterized by high branching density and related morphological features (e.g. wide 

bifurcation angles). These neurons, pooled from mice and rats in four different archives, 

constitute 80% of cluster a, the farthest away from the center (Fig. 5C and Table 4). At 

the opposite end along the first principal components is cluster b, entirely made of human 

pyramidal basal dendrites. Visual inspection (Figure 6B) reveals the distinctive shapes of 
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rodent ganglion cells and human basal dendrites. Statistical analysis of the two main 

morphological loadings of PC1 (bifurcation amplitude and branch path length) confirmed 

the considerable difference between these two neuron groups, even when including those 

found in clusters other than a and b (Figure 6C). 

 

The second most prominent group in cluster a is constituted by blowfly tangential 

sensory neurons. These neurons share with the rodent ganglion cells not only comparable 

branching density properties captured by PC1 (low branch path length and high 

bifurcation angle), but also similar distributions on PC2 through PC5 and all 

corresponding morphological features loading on those dimensions. These include 

measures of size (e.g. total dendritic length and spanned volume), of space filling (fractal 

dimension and tortuosity), and of arbor planarity (torque and tilt angles). Such tight 

alignment on the first five principal components along with the morphological co-

clustering suggests a structural basis for the functional commonalities between blowfly 

tangential cells and retinal ganglion cells, both of which process motion-sensitive visual 

information (Kong et al., 2005; Cuntz et al., 2008). 

 

Table 3-4. Composition of the six morphological clusters in terms of their over-represented metadata groups. 

Associations between metadata groups and morphological clusters are quantified as fraction of the group, fraction of 

the cluster, and absolute neuron count of group/cluster intersection. Within cluster, groups are arranged in ascending 

order of the group fraction. 

cluster 
Metadata group fraction 

of group 
fraction of 

cluster counts 

a 

mouse S1 pyramidal (Smit-Rigter) 0.33 0.03 17 

fish retinal ganglion (Stevens) 0.51 0.05 29 

rat retina ganglion (Rodger) 0.76 0.09 50 

mouse retinal ganglion (Chalupa) 0.85 0.26 151 
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mouse retinal ganglion (Masland) 0.99 0.44 257 

blowfly visual lobe tangential (Borst) 1 0.1 56 

 
  

0.97 560 

b 

human posterior short insular gyrus pyramidal (Jacobs) 0.53 0.07 106 

human anterior long insular gyrus pyramidal (Jacobs) 0.59 0.08 118 

human middle short insular gyrus pyramidal (Jacobs) 0.59 0.08 117 

human S1 pyramidal (Jacobs) 0.79 0.06 95 

human V1 pyramidal (Jacobs) 0.8 0.15 226 

human M1 pyramidal (Jacobs) 0.8 0.12 176 

human parietal lobe pyramidal (Jacobs) 0.86 0.06 84 

human prefrontal pyramidal (Jacobs) 0.88 0.29 434 

human temporal lobe pyramidal (Jacobs) 0.91 0.06 91 

 
  

0.97 1447 

c 

rat prefrontal pyramidal (De Koninck) 0.43 0.05 39 

mouse S1 interneuron (Yuste) 0.47 0.09 66 

mouse S1 basket (Yuste) 0.5 0.03 22 

rat S1 pyramidal (Meyer) 0.6 0.06 45 

rat S1 pyramidal (Markram) 0.66 0.07 57 

mouse S1 pyramidal (Yuste) 0.71 0.17 128 

mouse neocortex pyramidal (Yuste) 0.75 0.08 58 

rat S1 pyramidal (Staiger) 0.8 0.05 37 

rat frontal lobe pyramidal (Kawaguchi) 0.81 0.04 34 

mouse V1 pyramidal (Yuste) 0.96 0.1 73 

mouse S1 pyramidal (Krieger) 0.99 0.09 68 

 
  

0.83 627 

d 

monkey frontal lobe pyramidal (Luebke) 0.43 0.03 18 

monkey S1 pyramidal (Smit-Rigter) 0.59 0.05 30 

rat DG granule (Claiborne) 0.77 0.06 33 

monkey prefrontal pyramidal (Lewis) 0.79 0.23 126 

elephant neocortex pyramidal (Jacobs) 0.9 0.08 44 

monkey temporal sulcus pyramidal (Wearne_Hof) 0.93 0.07 40 

human inferior frontal gyrus pyramidal (Lewis) 0.96 0.26 146 

 
  

0.78 437 

e 

human anterior long insular gyrus pyramidal (Jacobs) 0.32 0.08 63 

human middle short insular gyrus pyramidal (Jacobs) 0.33 0.08 66 

rat CA3 interneuron (Jaffe) 0.34 0.02 20 

human posterior short insular gyrus pyramidal (Jacobs) 0.37 0.09 74 

rat S1 interneuron (Helmstaeder) 0.4 0.03 23 

rat M1 basket (Kawaguchi) 0.54 0.04 30 

rat S1 pyramidal (Svoboda) 0.58 0.05 38 
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rat S1 basket (Markram) 0.65 0.04 33 

mouse M1 pyramidal (DeFelipe) 0.74 0.08 67 

mouse basal ganglia medium spiny (Kellendonk) 0.83 0.1 85 

rat brainstem motoneuron (Cameron) 0.88 0.05 38 

 
  

0.66 537 

f 

mouse S1 interneuron (Yuste) 0.45 0.07 63 

fish retinal ganglion (Stevens) 0.47 0.03 27 

mouse S1 basket (Yuste) 0.48 0.02 21 

rat CA3 interneuron (Jaffe) 0.55 0.04 32 

salamander retinal ganglion (Miller) 0.78 0.06 50 

rat olfactory bulb pyramidal (Brunjes) 0.8 0.18 164 

mouse S1 pyramidal (Brumberg) 0.88 0.13 112 

rat basal forebrain medium spiny (Smith) 0.88 0.11 95 

rat basal forebrain large aspiny (Smith) 0.9 0.08 73 

 
  

0.72 637 
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Figure 3-6. Similarities and differences of rodent retinal ganglion cells with other neurons within and across 

clusters. A. All rodent retinal ganglion cells together with blowfly tangential cells (cluster a) show highest branching 

density along PC1 compared to others metadata groups. The human basal pyramidal cell cluster (b) is highlighted for 

comparison. PC6 separates the tangential and ganglion cells, showing sub-cluster differences. The retinal cells also 

show a pattern of increasing partition asymmetry with increasing branching density. B. Sample images of retinal 

ganglion cells (top), blowfly tangential cells (middle), and human basal pyramidal cells (bottom). C. Rodent ganglion 

cells have larger amplitude angles compared to human basal pyramidal cells (and most other cell classes). D. Rodent 

ganglion cells also display shorter branch length, corresponding to higher branching density. E. The blowfly neurons, 

while sharing similar branch path length and amplitude angles with the retinal cells, have higher topological 

asymmetry. 

 

Nevertheless, rotation on the sixth principal component exposed a surprising and 

nearly perfect separation between retinal ganglion cells and blowfly tangential cell 

(Figure 6A). Since the main morphological feature loading on PC6 is topological 

asymmetry (the average partition of terminal degree over all bifurcations), we compared 
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the distribution of this measure between the two neuron classes (Figures 6D). This 

analysis demonstrated that blowfly tangential neurons have much more asymmetric 

bifurcations than ganglion cells (and most typical neurons). Interestingly, the data 

projection over the first and sixth principal components (Figure 6A) also suggested a 

linear relationship between topological asymmetry and branching density in rodent retinal 

ganglion cells but not in other groups. The Pearson correlation coefficients for branching 

density and asymmetry index (R = -0.50) and for bifurcation amplitude remote and 

asymmetry (R = 0.51) are both statistically highly significant (p < 10
-10

). 

 

 
Figure 3-7. Rodent and primate cortical pyramidal cells show a distinct linear relationship between PC1 and PC3. A. 

The majority (71%) of cluster c consists of rodent cortical pyramidal cells, whereas a similar proportion of cluster d 

(72%) corresponds to primate pyramidal cells, which tend to be only partially reconstructed. B. Sample images of 

incomplete primate pyramidal cells in the top row (1-4) and rodent cortical pyramidal cells in the bottom (5-8). The 

numbers indicate their corresponding position in the cluster plot illustrating the progressive increase in branching 

density and tortuosity in both clusters. 

 

 

Rotating the data along the first and third principal components (related to 

branching density and tortuosity, respectively) revealed another distinct relationship 
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across pyramidal cells from different species, brain regions, and developmental stages 

(Figure 7). Specifically, neocortical pyramidal cells from rodents (clusters c) and 

primates (cluster d) display a trend of increasing branch tortuosity with increasing branch 

density (Figure 7A). Visual examination of morphologies selected from the 

corresponding clusters in the PC1-PC3 scatter plot demonstrates a correspondence in the 

increase of branch density and branch tortuosity (Figure 7B). The least tortuous trees, and 

many of the primate neurons, are noted to be incomplete reconstructions, in which only 

dendrites proximal to the soma are traced. In contrast, the dendrites of rodent neocortical 

pyramidal neurons tend to be fully reconstructed in both apical and basal arbors. 

 

Critical assessment of potential confounds 
 

In the course of the iterative process of data inspection, hypothesis formulation, 

research design, and quantitative analysis, we encountered numerous challenges 

pertaining to data validation, curation, and standardization across labs. After a 

preliminary exploration of the entire content of NeuroMorpho.org, we decided to include 

in our study only approximately half of the available neurons. Specifically, we chose to 

avoid multi-lab analysis of axons, because of the extreme dependence of axonal 

morphology on experimental conditions. In our early analysis attempt that did not 

segregate axons from dendrites, biological findings became practically impossible to 

disentangle from major artifacts. This selection effectively defines a standard of minimal 

requirements for meaningfully comparing neural arbors.  
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Moreover, we excluded measures related to branch diameter (branch power ratios, 

surface areas, occupied volume, etc.) due to their strong sensitivity on the inter-laboratory 

variety of labeling or staining, imaging resolution or optical magnification, and other 

experimental details affecting tracing conditions (Scorcioni et al., 2004). Furthermore, 

most reconstructed cells originate from preparations in acute brain slices (in vitro). In the 

primary somatosensory region of rat neocortex (S1), this common preparation may result 

in trimming off more than 50% of the dendritic arbor (Oberlaender et al., 2012). These 

slicing artifacts impact larger brains to a greater extent, as reflected by the fact that 

human cells are only represented by basal dendrites. In addition to species differences, 

trimming effects also depend on animal age, slicing thickness and orientation, and the 

depth of electrode penetration in the tissue. For these reasons, when mining the cluster 

analysis results, we paid particular attention to only report findings as “biological” 

(Figures 6 and 7) that were not based on size or any morphometrics significantly affected 

by trimming artifacts. Instead, we identified correlations based on measures such as 

branching density, tortuosity, and branch angles, all of which have been previously found 

to be consistent between in vitro and in vivo preparations (Pyapali et al., 1998). 

 

On the one hand, this judicious design allowed the independent reproduction of 

findings reported in prior publications. These included several cases of “split metadata 

groups” into two morphological clusters, which reflected structural differences related to 

the subject’s gender (Anderson et al., 2009) or developmental stage (Smit-Rigter et al., 

2012). On the other hand, experimental artifacts still contributed to clustering, and other 
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splits of metadata groups between two clusters (Table 3) revealed differences likely due 

to staining protocol or slicing direction, which were not recognized or discussed in the 

original reports (Anderson et al., 1995; Soloway et al., 2002; Goldberg et al., 2003; 

MacLean et al., 2005; Nikolenko et al., 2007; Woodruff et al., 2009). Thus, database-

wide analyses can reveal potential confounds not easily pinpointed in individual studies. 

  

One of the most common artifacts of tissue processing is shrinkage, and this 

factor is also highly variable among labs. Shrinkage differentially affects the slice planar 

and perpendicular dimensions (the latter typically producing a larger effect). Thinner 

slices tend to shrink more and so do preparations from younger animals. The duration of 

the experimental procedure may also impact shrinkage, as do the bathing and embedding 

media. Shrinkage can be measured in all dimensions and it can therefore be compensated 

for by multiplying the resulting position coordinates by an appropriate correction factor. 

However, this post-processing operation also exacerbates noise due to light diffraction 

and other experimental errors. These sources of errors tend to be larger in the direction 

corresponding to the depth of the slice (“Z”), which is usually estimated through a piezo-

controller in the motorized stage. Moreover, shrinkage typically varies both within and 

between sections, and an accurate calibration therefore requires multiple repeated 

measurements that add to the already demanding labor intensity of digital reconstruction. 

For these reasons, shrinkage is not always measured, reported or corrected for. This 

variability across published studies further worsens the numerous sources of differences 

due to experimental processing. 
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In light of the above consideration, we specifically looked for potential shrinkage-

related confounds in the clustering results. Out of 56 unique combinations of clusters, 

metadata groups, and corresponding published articles, only 14 reported shrinkage 

estimates or mentioned shrinkage altogether. Of those, a mere 5 applied the 

corresponding correction to the data. Unsurprisingly given the limited sample, we found 

no statistically significant association between both corrected or uncorrected values and 

clustering. Next, we examined slicing thickness, which was reported in 49 (out of 56) 

cases (with median 200 µm). Values varied broadly from 80 to 400 µm, with 85% of 

them falling between 120 and 350 µm. No statistical association was found between 

clustering and these values. The lack of explicit shrinkage information prevents firm 

conclusions and leaves open the possibility that some of the findings we report may be 

ultimately due to slicing artifacts. However, the low coefficient of variation of 

measurements typically sensitive to shrinkage, especially tortuosity and fractal dimension 

(Table 1), suggests that the noise related to shrinkage (as opposed to that affecting size 

measures) may affect most of the analyzed data to a similar degree. 

 

Discussion 
This work illustrates how shared morphological data can lead to new 

neurobiological observations by enabling statistical quantification of commonalities and 

differences among neuron groups. However, our results also demonstrate the challenges 

of working with large-scale datasets from heterogeneous sources, even after extensive 

effort in metadata curation and management as well as in data standardization and 
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selection. Direct analysis of selected morphometric features among large neuron groups 

organized by the main metadata dimensions of species, brain region, and cell type failed 

to reveal meaningful patterns beyond the well-known variability of neuronal shape. At 

the same time, systematic pairwise examination of all 45 neuronal groups with distinct 

species, brain region, cell type, and lab of origin for each of the 27 main morphological 

features would produce more than 50,000 comparisons, raising questions of scientific 

interpretation and statistical significance.  

 

To overcome these issues, we adopted principal component analysis to identify 

the most discriminant morphological features throughout the dataset, and model-based 

cluster analysis to segregate neuron groups solely on the basis of the morphometric 

characteristics. This approach allowed rigorous examination of the statistical associations 

between clusters and metadata and inspection of the most informative morphological 

measurements on the basis of their principal component loadings. The results revealed 

morphological differences between specific cell types and animal species that were 

robust to lab provenance while retaining considerable sensitivity to developmental stages 

and fine regional location as well as to the original experimental conditions. For example, 

neocortical pyramidal cells from rodents and primates alike display a trend of increasing 

branch tortuosity with increasing branch density (Figure 7A). This distinct relationship, 

holding across different species, brain regions, and developmental stages, appears robust 

to slicing artifacts as demonstrated by the co-alignment of both partially reconstructed 

and fully reconstructed neurons (Figure 7B). 
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The primary features of dendritic morphology corresponded to branching density, 

size, space filling, and bifurcation asymmetry. Of these features, size is likely to be the 

most dramatically impacted by differential trimming artifacts from brains of varying size. 

Nevertheless, the most interesting biological findings were based on branch- or 

bifurcation-level observations. Rodent retinal ganglion cells stood out for their extreme 

branching density, and clustered together with other neuron types involved in primary 

sensory processing as well as with developing pyramidal cells from the somatosensory 

cortex of 6-9 day-old rat. Moreover, the results also highlighted species differences 

within the same cell types by differentiating retinal cells of rodent from those of fish and 

amphibians. Specifically, ganglion cells have denser branching and wider bifurcation 

angles in rodents than in non-mammalian vertebrates (Figures 5b, Table 2, and Figure 6). 

This observation is based on pooling of mice and rats data from four different labs in one 

cluster, and of fish and salamander from two different labs in the other, and we failed to 

find any methodological reasons that could explain these morphological differences. 

 

Blowfly tangential sensory neurons are similar to the rodent ganglion cells in 

many morphological features (e.g. low branch path length, comparable fractal dimension, 

tortuosity, and arbor planarity), possibly providing a geometric correlate for their similar 

function in processing motion-sensitive visual information (Kong et al., 2005; Cuntz et 

al., 2008). Nevertheless, retinal ganglion cells and blowfly tangential cells can also be 

neatly distinguished due to the much more asymmetric bifurcations of the latter neurons 
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(Figure 6A) relative to those of the former (and of most typical neurons). Interestingly, 

cluster analysis also suggested a linear relationship between topological asymmetry and 

branching density in rodent retinal ganglion cells but not in other groups, pointing to a 

previously unrecognized peculiar morphological signature of this class only.  

 

The branching density of mature cortical pyramidal cells, in contrast, was at the 

opposite end relative to ganglion cells (also demonstrating the effect of developmental 

changes) and displayed a distinctive correlation with branch tortuosity. Adult neocortex 

pyramidal cells represent the largest population in NeuroMorpho.Org and come from a 

broad range of animals, anatomical subregions, layers, and experimental conditions, 

enabling certain morphological differentiations (e.g. rodent S1 vs primate M1). Non-

cortical neurons, including striatal, olfactory, and others, were distinguished for the 

smaller size and larger variability of their dendritic arbors.  

 

Several recent investigations have adopted similar analysis designs and strategies 

for dimensionality reduction, mainly for the purpose of exploratory neuron type 

classification (e.g. Kong et al., 2005; McGarry et al., 2010; Santana et al., 2013). 

Alternative approaches to develop automated machine-learning classifiers for identifying 

neuron types also promise to be effective for large data sets. The present exploratory 

study used multivariate morphometric analysis to identify the most informative 

morphological features that distinguish between neuron groups organized by their 

metadata. We predict that statistical morphometric mining will also prove to be useful for 
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developing quantitative hypotheses and for designing computational models of dendritic 

growth. At the same time, we discussed the considerable challenge of pooling together 

data from disparate experimental conditions, and the resulting analysis limitations. 

 

Generation of standardized morphological data across laboratories and research 

designs could yield much more powerful large-scale data mining. In particular, we are 

convinced that better clustering would result from more consistent data collection. 

Unfortunately, the arguably “ideal” experimental choices (in vivo labeling, 

reconstructions at the resolution limit of light, systematic measurement and compensation 

of tissue shrinkage, serial tracing across histological sections, etc.) also correspond to the 

most labor-intensive conditions for manual or semi-manual morphological 

reconstructions. This tension between quality, sample size, and research cost underscores 

the need and desirability of fully automated and broadly applicable tracing technologies 

(Brown et al., 2011; Donohue and Ascoli, 2011). 
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Abstract 
The diversity, organization, and connectivity of neuronal cells underwent 

enormously complex design change in the evolutionary process, but we lack a system for 

investigating structure-function relationships of neuronal cell classes across species. 

Paucity of data, minimal or no data annotation standards, and dearth of informatics tools 

are the primary causes for this. NeuroMorpho.Org, currently at v6.3 hosts over 37k 

digitally reconstructed neuronal cell types that are shared by over 200 laboratories, 

enables secondary discoveries in an open science setting. The numbers of represented 

animal species, brain regions, and cell types has reached over a thousand, necessitating us 

to adopt expert-knowledge based data handling. Organizing metadata as interconnected 

hierarchies allows storage and retrieval of concepts via mathematical formalism. This 

also leverages the human-like knowledge retrieval using logic, semantic reasoning and 

inference capabilities. Moreover, from the informatics perspective, using the existing 

neuroanatomical knowledge that is commonly accepted establishes data sharing 
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standards, allows resolving terminological ambiguities, and facilitates tool development. 

Here we demonstrate a framework that is developed for establishing standards for sharing 

primary experimental data and for mining the neuronal types based on the ontological 

knowledge. Starting with three main dimensions of the metadata: species, brain regions, 

and cell types, we created formal ontologies for NeuroMorpho.Org consisting of over 2K 

uniquely identified concepts (e.g., mouse identified as 

http://purl.obolibrary.org/obo/NCBITaxon_10090). These ontological graph models are 

algorithmically traversed and mathematically deduced to provide direct and possible hits 

to a given search term. We provide this novel approach of managing the growing 

complexity of shared metadata by developing a smart search application - OntoSearch 

v2.0 for NeuroMorpho.Org powered by hierarchical logic and semantic reasoning. We 

provide several use cases that give an intuitive experience to the user in searching, 

browsing and downloading neuronal cell types from NeuroMorpho.Org. The results are 

displayed to the user via an auto-complete enabled keyword search interface 

http://cng.gmu.edu:8080/neuroMorphoReview/OntoSearch.jsp providing suggestions 

from an expanded set of metadata terminology derived from the ontologies.  

 

  

http://purl.obolibrary.org/obo/NCBITaxon_10090
http://cng.gmu.edu:8080/neuroMorphoReview/OntoSearch.jsp
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Introduction 
Neuroinformatics approaches enable a researcher to churn out information and 

synthesize knowledge from neuroscience data generated by a whole spectrum of 

experimental approaches in both spatial and temporal aspects (Akil et al., 2011). Data 

sharing serves science by enabling experimental confirmation and data reuse, however 

there are many challenges to effective sharing. Neuroinformatic tools, web services, 

search engines and databases that help in this transition are pivotal. 

 

Hierarchies are a famous mental model for humans and are found in almost every 

field to conceptualize our understanding of the real-world facts. Knowledge that we 

conceptualize from scientific data is often represented as hierarchies; the published 

phylogenetic and taxonomical data is digitally integrated into a single comprehensive tree 

of life (Hinchliff et al., 2015). The neuroanatomical regions for processing visual 

information are deemed to be organized hierarchically with its feed-back and feed-

forward pathways (Felleman & Van Essen, 1991). The behavioral response of organisms 

to a sensory stimulus is also observed to be hierarchical in nature (Davis, 1979). 

Hierarchies are modeled for knowledge-representation, to enable learning, and for 

commonsense reasoning in Artificial Intelligence (Calvanese et al., 1998). Formal 

ontologies are one way of modeling machine- and human- readable hierarchies, which 

support integration of shared knowledge while ensuring logical consistency (Gruber, 

1995). 
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In Bioinformatics, ontologies are used to query and mine shared data in ways that 

is otherwise not possible (Baldock & Burger, 2005). Several ontologies were developed 

under common Open Biomedical Ontologies (OBO) umbrella that are applicable to 

discovery of gene alleles implicated in disease from various animals and human genome 

data (Smith et al., 2007).  Among them, the Gene Ontology (GO) has been the most 

popular so far. GO provided controlled vocabulary and enabled tool development for 

annotating shared genome sequences and their functions across all eukaryotes (Ashburner 

et al., 2000). In neuroscience, ontologies are used popularly in shared data settings, 

providing guidance for interpreting and integrating the various forms of data (Crasto et 

al., 2007; Bug et al., 2008; Larson & Martone, 2009; Rzhetsky & Evans, 2011; Mi & 

Thomas, 2011). As more and more visualization techniques are imaging neuronal 

structure and circuitry at different resolutions (Eisenstein, 2009), there is also a growing 

need for controlled vocabularies for sharing neuroanatomical data. The fly community in 

neuroscience has established controlled vocabularies for sharing fly neuroanatomical 

data; virtualflybrain.org is one of the few examples of resources that applied ontologies 

for querying (Milyaev et al., 2011).  

 

However, given that data sharing is less normal than not sharing (Campbell, 2009; 

Ascoli, 2015), we should not expect experimentalists to map their data to ontologies in 

the near term. The ontologies allow for powerful logic-based semantic searches by 

querying in Description Logic (DL) language (Tran et al., 2007).  The DL semantics 

provide the expressive power in asserting the real-world facts that are directly related to 
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the concepts or their relationships. For the first time we use ontologies constructed in 

OWL, a DL compatible language for querying and mining NeuroMorpho.Org using 

logic-based reasoning. In this article we present a practical solution that demonstrates the 

application of ontologies in data management and information retrieval for 

NeuroMorpho.Org. We introduce new search functionality for NeuroMorpho.Org users, 

OntoSearch, for mining direct and possible matches from the database for a controlled 

vocabulary of over 2000 search terms. We also discuss a sustainable method of 

representing hierarchy-based ontologies customized as per data available in 

NeuroMorpho.Org.   

 

Organizing metadata as hierarchies 
Data management and presentation are important aspects of scientific data 

sharing, but it is particularly challenging to automate and optimize these steps in case of 

complex biological data like neuronal morphological reconstructions. This is largely 

because metadata associated with the heterogeneous experimental studies is not reported 

according to any particular naming standard and is usually sparsely annotated. 

NeuroMorpho.Org currently hosts over 37,000 reconstructions shared by over 200 

laboratories and centrally maintains the metadata information as collected at its “best” 

from the data providers. As more and more data gets shared the represented animal 

species, brain regions, and cell types also grow. The ambiguity, mis-representation, and 

redundancy caused by the non-standard naming conventions hinder knowledge 

management. Fig. 1a shows the increasing trend of metadata terms added at each release 
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in all three categories of species, brain regions, and cell types. It is also evident as 

expected; more cell type and brain region terms are added than species. The big jump in 

year 2015 is from the metadata generated from automated neuronal reconstructions, 

where specific fly transgenic lines are used to reconstruct cell types identified by 

neurotransmitter, at the whole brain scale. Over time as terminology increases, the 

overhead of consistency checks and manual corrections of the discrepancies with ad-hoc 

annotation rules also increases. The word clouds (see Fig. 1b) of metadata show the 

curated terms corresponding to cell types, brain regions, and species categories in the 

database. To avoid discrepancies and establish machine-readable knowledge 

representation of the metadata, we propose an ontological concept-based mapping of the 

metadata, instead of mapping the metadata as mere strings in the database. The concepts 

in the ontology are modeled using logical relationships such as subsumption (is_a), 

equivalence, and implication. Mapping the metadata to ontologies provides logical 

validation of the deposited metadata, and also offers inference power. Here we take the 

constructive side of the data management problem to demonstrate the application of 

neuroanatomical ontologies in creating the hierarchical data model for 

NeuroMorpho.Org, and in enhancing the user’s experience while searching for data. 
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Figure 4-1. Metadata graph. a. Shows the counts of metadata deposited in NeuroMorpho.Org at each release in the 

species, brain regions and cell type categories. Each data point in the species graph is a combination of species and 

strain deposited at that release, for brain regions and cell types each is a combination of three levels of brain regions or 

cell types, respectively. b. Shows the actual labels of the terms deposited in the database as word clouds ordered from 

left to right as cell types, brain regions and species. The word size corresponds to term frequency. Word size 

corresponds to term frequency. 

 

OntoSearch framework 
The OntoSearch framework takes a novel approach in managing the growing 

complexity of shared metadata, and is implemented in three phases: modeling, mapping, 

a 

b 
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and searching as schematized in Fig. 2. Before elaborating on each phase, first some 

technical terms will be introduced: 

Web Ontology Language (OWL) as per W3C is a “computational logic-based language 

such that knowledge expressed in OWL can be exploited by computer programs” 

(https://www.w3.org/2001/sw/wiki/OWL). 

Concept is a well-defined OWL class with a unique identifier and properties. A concept 

is defined by a combination of annotation properties, relationships, and instances (an 

instance in this case is the NeuroMorpho.Org neuronal reconstruction). 

Namespace is the domain name or root name that a concept is published under, e.g., the 

concept rTg4510 P301-L mutant is from the namespace 

http://neuromorpho.org/ontologies/NMOSp.owl# indicating that this mice strain is 

published as a globally unique concept by neuromorpho.org species ontology. The 

naming syntax follows certain standards, such as all name spaces end with #, /, or _. For 

more in-depth explanation about naming standards see this tutorial 

(https://github.com/jamesaoverton/obo-tutorial/blob/master/docs/names.md). 

IRI is acronym for international resource identifier and functions as a unique reference 

identifier of the concept. The IRI for the above mentioned strain is: 

http://neuromorpho.org/ontologies/NMOSp.owl#NMOSp_1057  

CURIE is the abridged form of IRI that avoids listing long and redundant IRIs. The 

CURIE for the above mentioned strain is NMOSP:NMOSp_1057. See Table 1 for more 

examples of concepts, their IRIs and CURIEs.  

 

https://www.w3.org/2001/sw/wiki/OWL
http://neuromorpho.org/ontologies/NMOSp.owl
https://github.com/jamesaoverton/obo-tutorial/blob/master/docs/names.md
http://neuromorpho.org/ontologies/NMOSp.owl#NMOSp_1057


 

119 

 

 
Figure 4-2. . General theme of OntoSearch: A metadata string transforms into a uniquely identified concept with 

concept mapping, as identified by the associated facts. The mapped concept gets integrated into the ontology enabling 

retrieval of possible hits and direct hits by crawling up and down the hierarchy. The search results are displayed on the 

OntoSearch interface facilitated by auto-complete feature allowing the user to browse/download the results.  
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Modeling metadata as concept-based ontologies 
In modeling the string-based metadata of neuronal reconstructions into a graph-

based ontology we leverage the machine-readable knowledge largely from the existing 

resources and customize them to fit the NeuroMorpho.Org metadata by pruning off all 

the additional branches or sub trees. The resulting ontologies are mostly single parent 

hierarchies that are interconnected at different ranks as per the biological constraints. 

Created in Web Ontology Language (OWL), all ontologies comply with certain naming 

standards and design constraints ensuring logical consistency. In effect, these ontologies 

act as a hierarchically organized indexing system for storage and retrieval of several 

thousands of instances of neuronal morphologies. The generation of ontologies is 

integrated into the pipeline of NeuroMorpho.Org releases and gets updated periodically 

as new metadata is added to the database. As shown in Fig. 2, the incoming metadata 

‘C57BL6’ gets mapped onto the species ontology as a mouse strain, expanding the mouse 

sub tree, and enabling the OntoSearch algorithm to use it autonomously as the knowledge 

model for facilitating smart searches for NeuroMorpho.Org. 

 

Common modeling rules for OWL ontologies 

OWL applies naming standards using annotation properties. For all 

NeuroMorpho.Org ontologies we use the rdfs:label, oboInOwl:hasExactSynonym, and 

OboInOwl:hasDBXref to store the preferred name, synonyms, and references 

respectively. 
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The concepts are modeled using three types of formalisms: equivalence, 

subsumption, and implication. Using the concepts listed in Table 1, in triple notation 

equivalence is expressed using CURIEs as <vertebrateH:NMOBr_139 equivalentClass 

hiplayerH:NMOBr_139>. The equivalence rule allows identifying same concepts defined 

in different ontologies, (i.e.) Hippocampus in vertebrate ontology is the same as 

Hippocampus in layer ontology. With its one-to-one cardinality, equivalence connects 

multiple hierarchies at one common node that share exact same instances between all 

hierarchies. The subsumption rule builds the hierarchy using parent-child relationship 

(i.e.) ‘GIN mouse’ is_a ‘transgenic mouse’, in triple notation it is expressed as 

<NMOSP:NMOSp_1040 rdfs:subclassof obo:NCBITaxon_10090>. The many-to-one 

cardinality of subsumption allows modeling single parent hierarchies. The implication 

rule interconnects concepts in different ontologies; we call them ‘hooks’. Hooks are 

modeled with one-to-many cardinality, linking orthogonal dimensions with cross 

connections. In triple notation hooks are expressed as <vertebrateH:NMOBr_394 

vertebrateH:hasHook hiplayerH:NMOBr_139>, which allows to model biological 

constraints such as hippocampal layer ‘stratum radiatum’ hooks to the regions {‘CA1’, 

‘CA2’, ‘CA3’}, brain region ‘Hippocampus’ hooks to species ‘Mammals’, and cell type 

‘Purkinje cell’ hooks to brain region ‘Cerebellum’. 

 

Table 4-1. Examples of NeuroMorpho.Org metadata represented as concepts with unique identifiers IRIs and its 

short form CURIE. 

Name IRI CURIE 

Transgenic 
mouse 

http://id.nlm.nih.gov/mesh/D008822 Mesh:D008822 

http://id.nlm.nih.gov/mesh/D008822
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GIN mouse http://neuromorpho.org/ontologies/NMOSp.owl#NMOSp_1040 NMOSp:NMOSp_1040 

Mus musculus http://purl.obolibrary.org/obo/NCBITaxon_10090 obo:NCBITaxon_10090  

Hippocampus http://neuromorpho.org/ontologies/vertebrateH.owl#NMOBr_392 vertebrateH:NMOBr_392 

Hippocampus http://neuromorpho.org/ontologies/hiplayerH.owl#NMOBr_392 hiplayerH:NMOBr_392 

stratum 
radiatum 

http://neuromorpho.org/ontologies/hiplayerH.owl#NMOBr_394 hiplayerH:NMOBr_394 

CA1 http://neuromorpho.org/ontologies/vertebrateH.owl#NMOBr_139 vertebrateH:NMOBr_139 

 

 

Mapping NeuroMorpho.Org onto Ontologies 
The mapping to ontology means instantiating NeuroMorpho.Org data to the 

corresponding concepts in the ontologies. This step ensures quality control of metadata 

annotation by resolving the metadata terminology unambiguously onto the ontological 

concepts. To accomplish this we retrospectively corrected the metadata entries of 

~10,000 neurons in the database as per the ontologies starting from the earliest release up 

to the latest v6.3. A list of corrected changes is made available on the “what’s new” page 

on the website (http://neuromorpho.org/WIN.jsp). The cleaning of previous metadata 

annotation was necessary to establish a prospective data annotation protocol as 

standardized by the ontologies. For example, species and strain annotation is validated by 

a combination of species rank in the taxonomy, its preferred names, and common names. 

This eliminates commonly made annotation anomalies such as an already existing strain 

being posed as a new strain. For instance, when adding new data from ‘Pelophylax 

esculentus’, the species ontology resolves it as an existing concept as it is synonymous 

with ‘edible frog’, which is already present in the database. Tools like OntoMaton help 

with mapping the instances to the matching concept. The mapped concepts of 

http://neuromorpho.org/ontologies/NMOSp.owl#NMOSp_1040
http://purl.obolibrary.org/obo/NCBITaxon_10090
http://neuromorpho.org/ontologies/vertebrateH.owl#NMOBr_392
http://neuromorpho.org/ontologies/hiplayerH.owl#NMOBr_392
http://neuromorpho.org/ontologies/hiplayerH.owl#NMOBr_394
http://neuromorpho.org/ontologies/vertebrateH.owl#NMOBr_139
http://neuromorpho.org/WIN.jsp
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NeuroMorpho.Org follow a standard naming scheme of using all lower case letters, 

except for proper nouns and acronyms. Similarly, the brain region and cell type entries 

are validated based on the associated parent, hook and children concepts. The mapping 

process is pipelined with the ontology generation using Java code, which accepts tabbed 

hierarchy as input to generate a template of triples. The template is then run through 

Robot (https://github.com/ontodev/robot) tool for converting into OWL/XML format 

ontologies. 

 

Searching ontologies using hierarchical logic 
The OntoSearch logic finds the instances of the matching concepts by applying 

hierarchy-based logical reasoning. As shown in Fig. 3, the logic for direct matches crawls 

down the hierarchy to find the instances of the matching node and its children (shown in 

green). If the matching node is associated with the hooks (in purple) and disjoint nodes 

(in blue), then the logic ensures that the hook instances also overlap with the matching 

instances, but not with the disjoint nodes. The formula for the direct hits (D) in Fig. 3 

applies set operations on different relationships of the matching node. The possible 

matches on the other hand are found by crawling up the hierarchy for plausible instances 

of the parent concepts (in orange) that are not specified as any of specific sub types. The 

formula for the possible hits (P) ensures that the possible instances don’t overlap with the 

direct or disjoint instances. 

 

https://github.com/ontodev/robot
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Figure 4-3. A schematized ontological model of a single hierarchy (black arrows) depicts a unique dimension, which 

interlinks with concepts from an orthogonal dimension (red arrow). The OntoSearch algorithm traverses this hierarchy 

to find direct hits (in green) and possible hits (in orange). The hooks (in purple) and disjoint nodes (in blue) also 

influence the equation for direct hits (D) and possible hits (P). 

 

From the software design perspective OntoSearch is run on the middle layer (or 

knowledge layer) between the user interface and the relational database by translating the 

OWL reasoning inferences into SQL queries in a seamless manner. The implementation 

of the middle layer is developed in Java using OWLAPI (Horridge & Bechhofer, 2011) 

and Elk reasoner (https://github.com/liveontologies/elk-reasoner). OWLAPI is also used 

in Bioinformatics for Gene Ontology mining (Mungall & Dietze, 2014), and can be easily 

extended for more advanced reasoning and querying capabilities. The search results are 

https://github.com/liveontologies/elk-reasoner
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displayed to the user with the same look-and-feel as the other search interfaces in 

NeuroMorpho.Org. 

Results 
 

NeuroMorpho.Org ontologies 
The OntoSearch functionality of NeuroMorpho.Org searches a pool of ontologies 

for finding the direct and possible matches of a given search term. The pools of 

ontologies include 1 species ontology, 15 brain regions ontology, and 10 cell type 

ontologies; all 26 are integrated into a single back-bone ontology 

(http://neuromorpho.org/ontologies/vertebrateH.owl). As shown in Table 2, the species 

ontology is a single hierarchy consisting of 1442 concepts and 513 synonyms, of which, 

only 131 (<10%) concepts were mapped with NeuroMorpho.Org. The species ontology 

consisting of a single hierarchical dimension relates the concepts with only subsumption 

(is_a), whereas the brain regions and cell type ontologies are compiled from multiple 

dimensions resulting in a more complex graphical structure of multiple hierarchies with 

cross connections. The brain regions ontology is modeled by 15 hierarchies with 404 

concepts and 178 synonyms, of which 390 concepts (>90%) are mapped with 

NeuroMorpho.Org instances. The cell types ontology is modeled by 10 hierarchies with 

282 concepts and 42 synonyms, of which 263 concepts are mapped (>90%) with 

NeuroMorpho.Org. Both brain regions and cell type ontologies relate concepts using 

properties, subsumption (is_a), equivalence, and implication (hasHook).Together, 

species, brain region, and cell type ontologies create a knowledge space of 2128 

neuroanatomical concepts.  

http://neuromorpho.org/ontologies/vertebrateH.owl
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Table 4-2. Quantifies the ontologies with metrics listed in the first column 

 

 

Species  
Species being the most matured dimension of all serves as a proof-of-concept for 

OntoSearch.  The species ontology of NeuroMorpho.Org 

(http://www.neuromorpho.org/ontologies/NMOSp.owl) is modeled after the widely 

accepted taxonomy and phylogeny of life (Hinchliff et al., 2015). A large portion (>80%) 

of the concepts in NeuroMorpho.Org are imported from the National Center for 

Biotechnology Information (NCBI) taxonomy of animal kingdom (Wheeler et al, 2007, 

Benson et al., 2008), but at the strain level the classification doesn’t follow strict genetic 

lineage, instead NMOSP keeps it simple yet tractable. For example, some of the mice 

strains that lack pigmentation are broadly grouped under ‘albino’, others that are 

genetically engineered are grouped as ‘transgenic’, mutant strains with targeted gene 

insertion and deletion  are grouped as ‘knock-in’ and ‘knockout’ respectively.  

Metrics table 
as of v6.3 

Species ontology 
metrics 

Brain regions 
metrics 

Cell types metrics 

#hierarchies 1 15 10 

Total 
#concepts 

1442 404 282 

#synonyms 513 178 42 

Mapped  
Concepts 

131 390 263 

#properties 1 3 3 

#hooks 0 50 30 

http://www.neuromorpho.org/ontologies/NMOSp.owl
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Fig. 4 shows a partial tree of NMOSP with the root node expanded into the mouse 

and rat taxonomical lineage as imported from NCBI, however, for custom added strains 

shown in the inset for ‘Rattus Norvegicus’ usually an external reference is used. The rat 

strains, ‘Wistar’, ‘Long Evans’, ‘F344’, etc., are added with reference to NIF-Organism, 

Rat Genome Database (RGD), and so on. Similarly genetic strains for mouse and fly are 

also imported from Jax mice (https://www.jax.org/mouse-search), and flybase.org 

respectively. To find the reference of an existing concept tools like OntoMaton (Maguire 

et al., 2012) and OBO-edit (Day-Richter et al., 2007) are used to alleviate manual search 

process. The pre-processing steps required for format conversion (OBO to OWL), and 

pruning of sub trees is handled by the OntoSearch code. When a new family or order of 

species needs to be imported, the OntoSearch code extracts only that specific branch or 

sub tree from the NCBI taxonomy. 
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Figure 4-4. A part of the NeuroMorpho.Org species ontology showing the lineage of rodents, carnivores, 

crustaceans and insects (in purple). 

 

Brain regions 
Brain regions come from a three dimensional physical space, which necessitates 

defining them from different anatomical perspectives, based on its 3D axial positions 

(dorsoventral, rostrocaudal, mediolateral), gross anatomy, cytoarchitectonic, and 
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myeloarchitectonic features. Moreover, the anatomical parcellations often overlap with 

developmental, connectivity, and functional parcellations, making matters more 

complicated. Last but not least, the disparate naming scheme makes it an impractical 

problem to deal with. In creating the NeuroMorpho.Org brain region ontology we re-

define the problem within the scope of NeuroMorpho.Org and we follow a systematic 

approach that formulates the multiple dimensions into independent machine-readable 

hierarchies. The pan-vertebrate ontology connects the anatomical hierarchy with the 

layer, positional, and functional hierarchies, whereas, the insect ontology connects the 

anatomical hierarchy only with positional. Thus, expanding the ontology on as-needed 

basis overtime we see the composition of variable hierarchies overtime maturing into a 

more comprehensive and re-suable knowledge model. Following this approach, as of v6.3 

all the deposited brain regions of NeuroMorpho.Org are mapped onto a group of 15 

ontological hierarchies that are integrated into vertebrate 

(http://neuromorpho.org/ontologies/vertebrateH.owl) and insect 

(http://neuromorpho.org/ontologies/insectH.owl) ontologies. Due to lack of common 

agreement and unavailability of most of these dimensions as ontologies, none of the brain 

region and cell type concepts were directly imported from pre-existing sources, unlike for 

species. Instead, all the concepts are created under the NeuroMorpho.Org namespace, but 

use external references whenever applicable. The vertebrate ontology incorporates the 

layered architecture of the cerebral cortex and the neocortical classification as organized 

in Allen Brain Atlas (ABA) mouse anatomical parcellation (Dong, 2008). The broad 

anatomical and developmental classification for primate regions is inherited from 

http://neuromorpho.org/ontologies/vertebrateH.owl
http://neuromorpho.org/ontologies/insectH.owl
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BrainInfo (Bowden et al., 2012), fly anatomy is adapted from the virtualfly.org (Milyaev 

et al., 2012) and standard insect nomenclature (Ito et al., 2014), and the invertebrate 

regions are referenced from wormbase.org atlas (Harris et al., 2010). 

 

The OntoSearch algorithm traverses multiple hierarchies and applies more 

sophisticated semantic reasoning to retrieve direct and possible matches for the brain 

region and cell type key words. The uniqueness of these searches is the expanded search 

mechanism with hook constraints. As shown in Fig. 5a the use cases ‘CA3a’ and ‘inner 

pyramidal layer’ compute direct and possible matches from multiple hierarchies 

representing as orthogonal dimensions for layers, regions, species, and cell types. The 

Venn diagram shows the formalism behind the 9 direct and 410 possible hits. The direct 

matches (shown in green) for CA3a also satisfy the hook (in purple) concepts, and are 

independent from the disjoint concepts (in blue), whereas the possible hits (shown in 

orange) are matches of more generic concepts (CA3 and hippocampus in mammals) that 

are not specified as disjoint concepts of CA3a. 
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Figure 4-5. A multi-hierarchical view of the hippocampus with respect to the matching concept ‘CA3a’ (in green) is 

inter connected with hooks (red arrows). The Venn diagram shows the parent (in orange) - CA3, the hooks (in purple) – 

layers of the hippocampus, and the disjoint (in blue) nodes – mutually exclusive CA2, CA1, and DG regions for 

computing the direct and possible hits. b. shows another example of multi-hierarchical view with respect to the search 

term ‘inner pyramidal layer’. The Venn diagram shows the direct hits as the intersection of pyramidal layer and inner 

concepts, along with the hooks. 
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To demonstrate the flexibility of OntoSearch to accommodate many dimensions, 

another use case example is illustrated in Fig. 5b. The term ‘inner pyramidal layer’ 

doesn’t exist in the database but OntoSearch identifies the intersecting concept between 

‘inner’ and ‘pyramidal layer’ in the brain region hierarchy. Therefore, the match finds 

neurons that are from ‘inner’ layers of the ‘pyramidal layer’ of the hippocampus. The 

possible hits return the generic hippocampal neurons that are not from ‘outer’ layer or 

any of the other hippocampal layers, because of the disjoint rule. As a result, OntoSearch 

returns 10 direct hits and 1025 possible hits, which is otherwise not feasible to mine from 

the drop down menus. 

Cell types 
Cell types being the most controversial topic for classification (Ascoli et al., 

2008), is modeled based on the best available knowledge within the scope of 

NeuroMorpho.Org, the circuitry, morphology, neurotransmitter, birthday, and functional 

dimensions are integrated into cell type ontologies. The multi-dimensional cell type 

metadata is made available as single cell type ontology 

(http://neuromorpho.org/ontologies/morphologyH.owl). The circuitry dimension broadly 

divides the neurons as ‘local’, ‘projecting’ and ‘sensory’ type’s. Morphology on the other 

hand maps most variety of data in NeuroMorpho.Org, for instance, the most represented 

cell type in NeuroMorpho.Org, the pyramidal cell, although is primarily defined by its 

gross morphological features, it also has other known properties that describe pyramidal 

neuron as principal, glutamatergic (excitatory) neuron from the cerebral cortex of the 

mammalian species. In addition, pyramidal cells are identified to exhibit certain 

http://neuromorpho.org/ontologies/morphologyH.owl
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morphological specificities (e.g., ‘early-bifurcating’, ‘Betz-like’, ‘star’, ‘oblique’, etc.) 

and systems driven connectivity (e.g., ‘cortico-cortical’, ‘corticospinal’, ‘corticothalamic’ 

etc.). As shown in Fig.6a, the multi-hierarchical ‘pyramidal cell’ sub tree organizes the 

orthogonal dimensions at different ranks for visualization purpose. The concepts in the 

same rank belong to the same dimension (as labeled in left) and are mutually exclusive 

with each other. For instance, in the gross connectivity dimension, the two sub types 

‘local-projecting’ and ‘long-projecting’ are mutually exclusive. When the user searches 

for ‘local-projecting’ pyramidal neuron, OntoSearch returns 37 direct matches and 8951 

possible matches, the possible matches eliminates all the mutually exclusive ‘long-

projecting’ instances. Similarly, for the multidendritic arbor (DA) neuron (shown in 

Fig6b.) the subclasses ‘class I’, ‘class II’, ‘class III’ and ‘class IV’ are defined as 

mutually exclusive. When the user searches for ‘class III’ neurons, 51 direct hits and 69 

possible hits are returned. The possible hits return only the unspecified DA neurons. 

 

 

a 
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Figure 4-6. A multi-hierarchy view of the ‘pyramidal cell’ concept of the cell type hierarchy along with its parent, 

hook and children concepts. The labeling of the dimensions is shown in grey on the left. Fig6b. shows the subtree of 

multidendritic sensory neurons of fly larva from the neuron morphology hierarchy. the dendritic shape of these neurons 

is classified into  4 types. 
 

OntoSearch interface 
The user gets the handle to search for data from a simple text-based search 

interface (http://cng.gmu.edu:8080/neuroMorphoReview/OntoSearch.jsp). The search bar 

provides suggestions from an auto-complete feature allowing selection of terms from 

species, bran regions and cell type categories. The auto-complete vocabulary is sourced 

by 2861 terms that are defined as preferred names or synonyms of the concepts in all 

three categories, which counts to 3.5 times more terms than what is actually annotated in 

the database. 

 

Here we present use cases that demonstrates this powerful search service for 

providing intuitive search experience to the user by allowing mining for data using 

hierarchical logic and semantic reasoning. The results are returned seamlessly in two sets, 

as direct hits and possible hits. The OntoSearch takes advantage of the hierarchically 

b 

http://cng.gmu.edu:8080/neuroMorphoReview/OntoSearch.jsp
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organized ontologies in providing concept-based search results, and allowing searching 

for keywords that are not annotated in the database, or keywords that are not intuitive to 

search for, from the pre-populated drop down lists. This is made possible because of the 

contextual information that guides the search. OntoSearch finds the contextual 

information as parents or hooks of the matching concept, which translates a single 

concept into a conjunctive query, such as CA3 being searched as (CA3 ∩ {CA3a, CA3b, 

CA3c} ∩ {hippocampal layers} ∩ {mammals}). This contextual information is smartly 

used in both directions, specific and generic. The free-text search interface hides this 

complexity from the user, as shown in Fig7, panel A is the starting point for 

autocomplete enabled search, and the keywords are sourced by the ontology shown in 

panel B. The ‘hits from current criteria’ gives the numbers of direct and possible hits 

associated with the search term. The search results can be displayed as ordered list of cell 

types as shown in panels C and D. The ‘show summary’ gives an alternative view of 

direct and possible hits as shown in panel E, clicking on any of the neuron names takes to 

the detailed view of the neuron type as shown in panel F. 

Single hierarchy based search – use cases of species 
The OntoSearch algorithm, crawls up the hierarchy for generic results, and crawls 

down for specific ones. The user can search for terms that are not present in the database, 

such as ‘rodents’, as shown in Table 3, the OntoSearch algorithm crawls down the 

hierarchy to find 13,638 neuronal reconstructions from the rodent family, including, 

‘rats’, ‘mice’, ‘guinea pigs’, ‘agouti’ and ‘proechimys’. Similarly, other higher order 

search terms like ‘vertebrates’, ‘reptiles’, ‘primates’, and ‘nematodes’ also return the 
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respective species and strain data as per phylogenetic lineage, as direct hits. Examples of 

search terms that return only possible hits include of ‘spangled skimmer’, which returns 

30 ‘dragon fly’ hits as fuzzy matches. Searching on concepts in lower order of the 

hierarchy is more likely to come up with possible hits; examples include ‘C57BL6 

Mouse’, ‘eastern tiger salamander’, and ‘Philippine long-tailed macaque’ among others, 

as shown in Table 3. Use cases of keywords like ‘transgenic mouse’ results in 1620 direct 

hits and 5 possible hits, ‘C57BL6 mouse’ returns 1708 direct hits and 9 possible hits.  

 

The use case examples demonstrate searches that either has only direct this, or 

only possible hits, or both. In all three cases, the queries are returned as union of multiple 

concepts (column 3 and column 5 of Table 3), based on the contextual information that is 

accessible to OntoSearch from the hierarchy. In case of ‘transgenic mouse’ 41 different 

mice strains are returned, without OntoSearch this would require manually selecting 

multiple strains from the drop-down menus of the metadata search page, which is neither 

convenient nor obvious to select from. More examples from this category include 

searching for neuron types from ‘knock-in’ and ‘knockout’ mice that return 214 and 101 

direct hits, respectively, along with 5 possible hits. 
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Figure 4-7. OntoSearch interface. (A) Displays the direct and possible hits on the OntoSearch interface (B) is 

facilitated by the autocomplete feature which comes the ontology lexicon (C) the browse ‘by archive’ view of the 218 

direct hits (D) and the 136 possible hits (E) The ‘show summary’ view of the direct and possible hits (F) and detailed 

view of the selected neuron are provided as end result of the logic. 

 

 

Table 4-3. A list of usecases with the search term and the resulting hits. 

Search term #Dire

ct hits 

Direct concepts (exact 

matches) 

#Possi

ble hits 

Possible concepts 

(fuzzy matches) 

rodents 13,63

8 

{Mouse} U {rat} U 

{agouti} … 

- - 

vertebrates 18,37

2 

{Rabbit} U {elephant} 

U { whales} U 

{rodents} U 

- - 
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{carnivores} … 

C57BL6 mouse 1708 {C57BL/6} U 

{C57BL/6J} 

9 {C57BL} U 

{unspecified mouse} 

eastern tiger 

salamander 

- - 62 {Tiger salamander} 

Philippine long-

tailed macaque 

- - 191 {Macaca fascicularis} 

Transgenic 

mouse 

1620 {5HT3-EGFP} U 

{B13} U 

{Atoh1/nGFP} … 

5 {Unspecified mouse} 

Knock-in 214 {Arx(GCG)7-1 JI (B6)} 

U {BDNF WT} U 

{BDNF Met/Met} ... 

5 {Unspecified mouse} 

knockout 101 {Bassoon (bsn) mutant} 

U { Ddo -/-} … 

5 {Unspecified mouse} 

CA1/CA2 

border 

3 {CA1c} ∩ {SP} ∩ 

{SO} ∩ {SR} ∩ 

{SLM} ∩ {mammals} 

854 {CA1} U 

{hippocampus} 

Hilus 40 {hilus} ∩ {DG} ∩ 

{mammals} 

407 {DG} U 

{hippocampus} 

Stratum 

lucidum 

15 {CA3} ∩ {SL} ∩ 

{mammals} 

342 {CA3} U 

{hippocampus} 

Deep 2351 {Layer 5}  U {layer 5-

6} U {layer 6} U 

({inner} ∩ {granule 

layer}) U ({inner} ∩ 

{plexiform layer}) … 

- - 

Granule layer 802 ({Granule layer} ∩ 

{DG}) U ({stratum 

granulare} ∩ 

{cerebellar cortex}) U 

({stratum granulosum} 

U {MOB}) 

-  

Fronto-insula 40 {Fronto-insula} ∩ 

{human} 

596 {Insula} ∩ {human} 

Insula 653 {Insula} U {posterior 

short insular gyrus} U 

{anterior long insular 

gyrus} … 

321 { unspecified 

neocortex} 

Posterior horn 30 ({Dorsal horn} U 

{lamina III}) ∩ 

{lumbar}   

100 {unspecified spinal 

cord} 

Ipsilateral 47 {Ipsilateral-projecting} 8951 {unspecified 
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projecting ∩ {cerebral cortex} Pyramidal} U 

{horizontal} U 

{inverted} U 

{extraverted} … 

Class III 51 ({Class III} ∩ 

{cuticle}) U {VdaD} U 

…  

69 { unspecified 

Multidendritic-dendritic 

arborization (DA)} 

Mechanosensor

y 

17 {touch receptor} - - 

Ivy 3 {Ivy} 2 {unspecified 

Ivy/neurogliaform} 

 

Multiple hierarchy based search – use cases of Brain regions & Cell types 
  

The use cases of brain regions and cell types as shown in Table 3 can be summarized 

into three categories:  

a. Synonym terms: Searching for ‘CA1/CA2 border’ is seamlessly translated into 

‘CA1c’ which retrieves 3 direct and 854 possible hits. ‘Posterior horn’ translates 

into ‘dorsal horn’ of the spinal cord to return 30 direct hits and 100 possible hits. 

In cell types, the search term ‘mechanosensory’ returns 17 ‘touch receptor’ 

neuron types. 

b. Homonym terms: ‘Deep’ returns 2359 neurons from layer 5-6 of neocortex, 

‘inner’ layers of hippocampus and olfactory bulb regions. The deep layers from 

different regions sample different types of neurons and are queried as union of 

different concepts. Other examples from brain region include, ‘granule layer’ 

from hippocampus, main olfactory bulb, and cerebellum. The possible hits are not 

returned for homonym searches. 
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c. Specific terms: ‘fronto-insula’ returns 40 direct matches and 596 possible 

matches. The possible matches are returned only from the unspecified insula of 

the humans, since fronto-insula is defined only in humans. The algorithm cleverly 

eliminates the unspecified ‘rat’ insula neurons from the possible matches based on 

the knowledge that fronto-insula is studied only in humans. In cell type 

terminology, ‘ipsilateral projecting’ returns 47 direct hits and 8951 possible hits 

that are not mutually exclusive with the ‘ipsilateral projecting’ pyramidal neurons. 

More examples from this category include ‘class III’ and ‘ivy’ neurons that return 

both direct and possible hits. 

Conclusion 
 

Metadata management is a non-trivial and time consuming process, which 

requires a built-in knowledge system for sustainability.  Metadata annotation plays a 

crucial role in assessing the biological reality behind the data (Parekh et al., 2015), 

especially in data-driven analysis, it is important to analyze the results in tandem with the 

available knowledge. Here we implemented an ontology-based semantic search engine 

for NeuroMorpho.Org called OntoSearch that fills the gap between shared data and 

available knowledge. The ontologies for species, brain regions, and cell types provide the 

controlled vocabulary for annotating the neuronal reconstructions deposited in 

NeuroMorpho.Org. 

 

OntoSearch provides a simple search bar with auto-completion allowing mining 

exact and fuzzy matches of shared neuronal reconstructions from a controlled vocabulary 
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of neuroanatomical keywords. The OntoSearch results returned as direct and possible 

hits, increase the data visibility, and enable users to query in intuitive ways such as how 

many transgenic vs. wild-type reconstructions are there? What neuronal types from visual 

system are available? How about the lateral geniculate nucleus? How many local-

projecting vs. long-projecting pyramidal neurons are there? Etc.  

 

The species ontology is the most widely accepted knowledge and it proved to be 

the proof-of-concept for enabling smart searches via OntoSearch, the brain region 

ontology with its multiple dimensions proved that OntoSearch is robust and expandable. 

The cell type ontology together with brain region and species ontologies covered the 

three primary axes of data sharing in NeuroMorpho.Org. As the community matures, 

OntoSearch framework integrates new knowledge into the hierarchies as new data gets 

deposited into the repository. In the near future, we anticipate transforming all the 

metadata entries in NeuroMorpho.Org into OWL ontologies to enable a complete 

metadata searches. Moreover, representing the machine-readable ontologies in 

OWL/XML format makes it possible to export the structured knowledge into other 

machine-readable formats like JSON, which is a web standard for data interchange. This 

compatibility allows developing other web applications that ease the data sharing process 

and enable to establish standards. 
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APPENDIX ONE: NEUROMORPHO.ORG IMPLEMENTATION OF DIGITAL 

NEUROSCIENCE: DENSE COVERAGE AND INTEGRATION WITH THE NIF 

 

[Maryam Halavi, Sridevi Polavaram, Duncan E. Donohue, Gail Hamilton, Jeffrey Hoyt, 

Kenneth P. Smith, Giorgio A. Ascoli: in Neuroinformatics (2008) 6: 241-252] 

[Used with permission of the publisher] 

 

Abstract 
 

Neuronal morphology affects network connectivity, plasticity, and information 

processing. Uncovering the design principles and functional consequences of dendritic 

and axonal shape necessitates quantitative analysis and computational modeling of 

detailed experimental data. Digital reconstructions provide the required 

neuromorphological descriptions in a parsimonious, comprehensive, and reliable 

numerical format. NeuroMorpho.Org is the largest web-accessible repository service for 

digitally reconstructed neurons and one of the integrated resources in the Neuroscience 

Information Framework (NIF). Here we describe the NeuroMorpho.Org approach as an 

exemplary experience in designing, creating, populating, and curating a neuroscience 

digital resource. The simple three-tier architecture of NeuroMorpho.Org (web client, web 

server, and relational database) encompasses all necessary elements to support a large-

scale, integrate-able repository. The data content, while heterogeneous in scientific scope 



 

147 

 

and experimental origin, is unified in format and presentation by an in house 

standardization protocol. The server application (MRALD) is secure, customizable, and 

developer-friendly. Centralized processing and expert annotation yields a comprehensive 

set of metadata that enriches and complements the raw data. The thoroughly tested 

interface design allows for optimal and effective data search and retrieval. Availability of 

data in both original and standardized formats ensures compatibility with existing 

resources and fosters further tool development. Other key functions enable extensive 

exploration and discovery, including 3D and interactive visualization of branching, 

frequently measured morphometrics, and reciprocal links to the original PubMed 

publications. The integration of NeuroMorpho.Org with version-1 of the NIF (NIFv1) 

provides the opportunity to access morphological data in the context of other relevant 

resources and diverse sub-domains of neuroscience, opening exciting new possibilities in 

data mining and knowledge discovery. The outcome of such coordination is the rapid and 

powerful advancement of neuroscience research at both the conceptual and technological 

level. 

 

Introduction 
 

The ability of the brain to process information, control behavior, and drive 

consciousness depends substantially on the formation and preservation of proper 

connections between axons and dendrites from different regions and neuronal classes. 

Etiological investigations in neurological and psychiatric disorders provide ample 

evidence for the crucial role of appropriate development and maintenance of neural 
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circuits in healthy brain function. Each neuron must have proper synaptic partners in 

order to function effectively and accurately. The rich and unique morphological 

properties that are characteristic of each cell type in the nervous system play an essential 

role in targeting and invading different regions and layers, and in establishing the proper 

circuitry. The anatomy of the dendritic tree is a major determinant of synaptic integration 

(Rall and Rinzel, 1973; Segev and London, 2000; Gulledge et al., 2005; London and 

Häusser, 2005) as well as cell excitability and the neural firing behavior (Mainen and 

Sejnowski, 1996; Cuntz et al., 2007). Morphological diversity also relates to the intrinsic 

functional differences between neuron classes (Vetter et al., 2001; Stiefel and Sejnowski, 

2007). As a result, dendritic morphology influences both neural computation (Eilers and 

Konnerth, 1997; Duch and Levine, 2000; Tossit and Stocker, 2000; Schierwagen and 

Claus, 2002) and network function (Chklovskii, 2004; Chen et al., 2006). Understanding 

the relationship between structure and function in the nervous system implies 

investigation of the complexity of and dynamic interactions among numerous neuron 

types (Bota and Swanson, 2007a, b). These studies often combine quantitative analyses 

and computational models based on synaptic biophysics and realistic neuronal 

morphology as provided in three-dimensional (3D) digital reconstructions.  

 

NeuroMorpho.Org is to date the largest repository service for neuromorphological 

reconstructions (Figure 2.1). Digitally reconstructed neurons can be used and re-used in 

various research projects with different scientific aims (Ascoli, 2007). Accessibility is 

one of the main obstacles that prevent researchers from re-using data. While a large 
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amount of morphological data is collected in neuroscience, only a limited fraction is 

practically shared (Liu and Ascoli, 2007). Only few laboratories explicitly refuse to share 

their data; many others agree in principle, but are unwilling or unable to invest the time 

and technical efforts required for data sharing (Ascoli, 2006a). One of the main 

contributions of NeuroMorpho.Org is to provide technical support and computational 

infrastructure to facilitate the task of researchers eager to share their morphological data.  

 

 

     

    

Figure 2.1: Screen shot of the main page of NeuroMorpho.Org, the starting point for 

navigating through the site with a complete list of options on the left. 
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A major resulting benefit for the users is the option to quickly and efficiently 

identify the data of their particular interest and gather related information and metadata. 

A significant portion of such data may otherwise not become available or require 

additional time to be discovered. Moreover, an important level of scientific and numerical 

quality assurance is attained, because data are collected from peer-reviewed publications 

and files are pre-processed for inclusion in NeuroMorpho.Org. 

 

NeuroMorphpo.Org also extends data usability and visibility by making 

morphological reconstructions accessible through the Neuroscience Information 

Framework (NIF). The NIF is a pioneering initiative that fosters the seamless integration 

of neuroscience resources from different domains of expertise into a single search engine 

(Gardner et al., 2008). The close link between NeuroMorpho.Org and NIF was naturally 

inspired by the wide relevance and applicability of neuronal morphology in many other 

neuroscience resources. Currently in its third year of existence, NeuroMorpho.Org 

continues to improve its functionality and expand its data content. The main goal of this 

paper is to describe the NeuroMorpho.Org approach to digital neuroscience, its 

integration with other NIF resources, and some of the most instructive challenges and 

solutions in this process. A more concise and with less technical description for the 

general neuroscience readership, aimed at users rather than developers, was recently 

published (Ascoli et al., 2007). Interested readers are also invited to browse and 

download the data and a wealth of additional information and explanation online at 

NeuroMorpho.Org, and to provide feedback. 
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Design of NeuroMorpho.Org 
To maximize its value and durability, NeuroMorpho.Org adopted available 

bioinformatics standards and guidelines, while making necessary adjustments to 

accommodate the specific needs of its morphological content. Neuronal reconstructions 

are heterogeneous in terms of both their numerical specification (file format, size, 

resolution, etc.) and the scope of the originating studies (e.g. anatomical, behavioral, 

electrophysiological, pharmacological or developmental). The NeuroMorpho.Org 

infrastructure had to develop a unified set of design principles and choice of metadata to 

achieve several important goals: 

 to store the various data types according to a pre-defined structured schema; 

 to support different reconstruction formats, while providing a standardized output; 

 to facilitate complex queries and data retrieval; 

 to enable rapid development and deployment while remaining user-friendly; 

 to be interoperable with other neuroscience resources; 

 to optimize reliability, security, robustness, and scalability. 

 

There have been several previous efforts to create repositories for neuronal 

reconstructions (reviewed in Ascoli, 2006b). An extended list of these existing archives is 

available at NeuroMorpho.Org under the “Tools and Links” menu. In general, all data 

available through these databases are mirrored in NeuroMorpho.Org. There are however 

substantial differences that make NeuroMorpho.Org unique among such resources. The 

foremost is that data in NeuroMorpho.Org are contributed by a large (and continuously 
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increasing) number of different researchers rather than an individual laboratory. A 

primary goal of NeuroMorpho.Org is to achieve and maintain dense coverage of all the 

publicly available digital reconstructions rather than provide a static venue to distribute a 

particular subset of neuronal morphologies. 

 

Metadata development 
Reconstructions in NeuroMorpho.Org are organized according to cell types, 

animal species, brain regions, technical protocols, tracing methods, numerous 

morphometrics measures, and several other dimensions. In general, metadata greatly adds 

to the significance and scientific value of data, enables effective user searches, as well as 

integration with related resources. Three general categories of metadata in 

NeuroMorpho.Org relate to (1) the data source, such as the laboratory and researcher 

providing the reconstructions, the reference articles, and the archive internet address (if 

any); (2) the subject of the study, such as animal species and strain, area of the brain, and 

neuron type; and (3) the experimental methodology, such as histological protocols, 

reconstruction hardware and software, and format of the original data. The absence of a 

widely accepted neuroscience ontology was a cause of considerable hardships in the 

process, which stresses the need for a standard terminology in the field. We attempted to 

follow the classifications used in the original studies describing the reconstructions. In 

particular, the detailed information retrieved from peer-reviewed journal publications was 

initially evaluated, and relevant data was extracted. As more studies and data were 

processed, metadata was optimized accordingly. Several examples of metadata and their 
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descriptions are provided in Table 2.1. The database schema is continuously updated and 

publicly posted on NeuroMorpho.Org under the “Tools and Links” tab. 

 

Table 2.1: Examples of metadata extracted from peer-review publications and their 

descriptions. 

                  

Sample 

Metadata 
Description 

Archive_name The name of the primary laboratory that has performed the 

study. 

Neuron_name The name of the morphological data file as assigned by the 

providing lab. 

Maximum_age 

and  

Minimum_age 

The age of the animals. This is typically reported as a range. 

Therefore, a maximum and/or a minimum age are included. 

Age_scale The scale used for reporting animal age. Usually, age is 

reported either in days, months, or years as indicated by a 

preceding letter (D, M or Y). 

Development Qualitative classification of age (Young, Adult or Old). In 

some publications this classification is provided without 

reporting the precise animal age. 

Sex Gender of the animal. It is not always specified. Therefore, it is 

classified explicitly as: male (M), female (F), either sex (M/F), 

or not reported (NR). 

Brain_region The different areas of the brain that neurons belong to. We 

organized the brain regions in three different classification 

levels, starting from main anatomical regions toward the finer 

distinction of the layers in the cortex. 

Cell_type The morphological class assigned to the neuron. Each neuron is 

classified based on three cell type levels. At the first level, 

reconstructions are distinguished as: Principal cell, Interneuron 

or Axonal terminal. 

Sample 

Metadata 
Description 

Original_format Information regarding the original format of each data file. 
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Protocol Classification of the experimental method based on whether the 

dye injection occurred in the live animal, in a slice, or in 

neuron culture. 

Slicing_thickness The thickness of the slices cut during tissue processing. It may 

serve as an important determinant of the reconstruction 

completeness. 

Slicing_direction The orientation of the sampled tissue cut. 

Stain The type of dye used for staining the neurons. 

Objective_ 

Magnification 

The magnification used to trace and reconstruct the neurons. 

Objective_type The type of the objective used in the reconstruction process.  

Reconstruction_ 

method 

The software used for tracing the neurons. 

URL reference The web address of the data file, if it is available on-line. 

Notes Any additional, important information, not stored in other 

fields. 

 

 

Web architecture 
The basic NeuroMorpho.Org framework consists of a standard three tier 

architecture (web client, web server, and relational database). This organization is 

scalable, robust, and flexible, while at the same time allowing for easy management and 

network deployment (Figure 2.2). All the original data provided by researchers are stored 

in a back-end relational database, including raw and processed files, images, and 

metadata (Figure 2.2A). NeuroMorpho.Org utilizes MySQL V5.0 as the database 

management system, with several add-on custom applications (written in Java, C++, and 

Matlab). The web application server, Apache Tomcat 5.5, runs on a 2.0 GHz Intel dual 

quad core processor machine under the Linux Fedora 8 operating system.  
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Web-accessible, secure, and user-friendly interaction with the images and metadata in the 

back-end database is enabled by MRALD (Blake et al., 2002). MRALD is a platform and 

database independent application, is easily customized to new domains, and has been 

deployed in mission critical systems (e.g., aviation) continuously since 2001. MRALD’s 

form builder enables system designers to rapidly generate intuitive hyper-text markup 

language (HTML)-based data retrieval forms; forms can be associated with specific users 

for access control. Data interaction is also possible via custom java server pages (JSPs) 

and keyword search. Hidden from the user, MRALD translates requests into structured 

query language (SQL) and interrogates the underlying database via Java database 

connectivity (JDBC). It can return results in multiple formats, including HTML, 

extensible markup language (XML), comma or configurable separated values (CSV), tab-

delimited text, Excel spreadsheet files, and in other, user-defined, formats. MRALD’s 

web-based administration features include form update, insertion, and deletion; a schema 

visualization tool; user account management; and the ability to assign data and users to 

collaborative communities (Smith et al., 2004). MRALD’s internal workflow processing 

for translating HTML into SQL is customizable, and can be extended by a developer to 

insert new steps (e.g., filters) into the normal processing pipeline (Figure 2.2B). MRALD 

is freely available to the academic community at neuroinformatics.mitre.org. 
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Figure 2.2: Structure and information flow among the components of NeuroMorpho.Org. 

(A) Organization of the processing pipeline. (B) Role of MRALD in the three-tier data 

retrieval architecture. 

 

 

On the front-end web page, NeuroMorpho.Org offers three complementary search 

interfaces, namely by metadata, by morphometric measure, and by keywords. In the first 

interface, search terms are available to the user as drop-down menus grouped in four 
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general sections (Animal, Experiment, Anatomy, or Source). Within each section, menus 

reflect the underlying metadata types (e.g. sex and age; histological protocol and 

reconstruction method; brain region and cell type; deposition date and original format). 

Sub-menus appear dynamically as appropriate (Figure 2.3).  

 

 

                         

 

Figure 2.3: Representative search through the Metadata page. Filter criteria can be 

combined and fine tuned through cascades of drop-down menus to increasing levels of 

detail. In this example, Monkey is selected as species, Macaque as strain, Lucifer Yellow 

as staining method, and Local projecting Pyramidal cell as the cell type and subtype of 

the principal cell class. These selections returned 20 neurons as the results set. 
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For example, upon selection of the term “Rat” under “Species”, a “Strain” sub-menu is 

offered including relevant options (“Sprague Dawley”, “Long-Evans”, etc.). In the 

second search interface, value ranges can be assigned to morphometric features such as 

soma surface, number of branches, arbor length or volume, height, width, etc. Features 

can be specified alone or in combination to construct simple or more complex queries. 

The third interface allows users to retrieve data by typing keywords in a simple search 

bar (Ascoli et al., 2007b). 

 

When activated by any of these three interfaces, MRALD processes the queries, 

generates the results dynamically, and sends them to the web client. The number of cells 

matching a given set of search criteria can also be requested before visualizing the 

results. The simplest option to display the search results is in a Summary format, in 

which each neuron is represented with a thumbnail image and an abridged set of its 

metadata. Clicking on one of these neuron entries calls the individual page of that 

reconstruction, with links to all raw and processed data, metadata, and related files 

(described below).  

 

Alternatively, users can browse through search results (or the entire content of 

NeuroMorpho.Org) after sorting them by any of four criteria: brain region, animal 

species, cell type, and laboratory name. An overall view is rendered as a mouse-sensitive 

pie chart (http://cewolf.sourceforge.net), and results are visualized as they are loaded to 

minimize wait time even for massive data sets (Figure 2.4).  
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Figure 2.4: Data content diversity in NeuroMorpho.Org: pie chart representations of 

different species (top) and brain regions (bottom).  

 



 

160 

 

The result of this organization is that a user can navigate from a conceptual query to the 

raw data in three clicks. 

 

The data presentations by brain regions, cell types, and animal species have clear 

biological meaning, to be organized according to the NIF standard ontology (Bug et al., 

2008). The view by laboratory name can be useful for data contributors to demonstrate to 

funding agencies and promotion committees that they have followed through with an 

effective data sharing plan. 

 

Data presentation 
NeuroMorpho.Org does not require any user registration or login to search and 

download data. For each neuron in the database, both graphic representations and flat 

files are made available through direct links for visualization and download. Flat files 

include the original reconstruction file as provided by the laboratory of origin, the version 

converted into a standardized format, the log detailing all modifications, and a document 

listing any remaining notes or irregularities (see Standardization process section below). 

Users may choose to download one or all of these four files for any number of neurons as 

a single compressed archive. Each neuron is illustrated with a static two-dimensional 

image as well as a 3D animation of the extending arborizations while it rotates around the 

cell central axis. Moreover, to allow for interactive 3D manipulation of neurons, the Cell 

Viewer Application Cvapp (Cannon et al., 1998) was custom modified, streamlining 

functionality and enabling automatic online deployment through the Java Network 

Launching Protocol (JNLP). 
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The database also stores the PubMed identity (PMID) for all referenced papers (see Data 

model and data management section below), and a corresponding XML file, created 

through Java Server Pages (JSP), is accessed by the NIF Broker that mediates the Entrez 

LinkOut functionality service provided by PubMed (Marenco et al., 2008). This 

architecture design allows direct reciprocal access between the peer-reviewed reference 

and the raw data. In particular, a link from the individual neuron page to the PubMed 

abstract of the publication(s) describing the experiment provides the users with a broader 

perspective on the reconstructions. To access the reconstructions from PubMed, users can 

follow the LinkOut option on the top right corner Links menu, which leads to 

NeuroMorpho.Org through the Neuroscience Database Gateway, a precursor of the NIF. 

 

Integration of NeuroMorpho.Org with the NIF 
Neuroscience tools, data, information, and knowledge can often be related to the 

structure of neurons. The long recognized centrality of neuronal morphology in the 

neuroscience community led to the early identification of NeuroMorpho.Org as a 

foundational resource in the development of the NIF. At the same time, integration of 

NeuroMorpho.Org with the NIF facilitates queries in a contextually rich environment, 

which would not be otherwise available within the restricted domain of digital 

neuromorphological reconstructions. Moreover, the integration process itself serves as a 

useful step for benchmarking the technological standards within the field. NIF has faced 

and successfully overcome numerous challenges to achieve interoperability among 
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resources with respect to hardware, software, communication protocols, user application, 

and data compatibility (Appendix- I). 

 

Resource registration, concept mapping, and query mediator protocols 
As with other resources, NeuroMorpho.Org is catalogued as an external public 

database in the NIF registry. NIF registration requires basic information about the 

resource’s setup, such as name, URL, administrative and technical contacts, content type, 

and data availability. In addition to this “superficial” registration, functional interactions 

of NeuroMorpho.Org with NIF also required a deeper registration at the level of the 

database schema design. In particular, an essential element of such deep registration is 

the consistent mapping of corresponding concepts among resources. This step implied 

sharing access to the standard Java Database Connectivity (JDBC) driver and a complete 

documentation of the database tables and attribute definitions. 

 

Most attribute names of the tables in the NeuroMorpho.Org database were matched to 

existing concept identifiers from NIFSTD, the NIF standardized terminology pool (Bug 

et al., 2008). For example, the terms “Purkinje cell” and “Granule cell” in 

NeuroMorpho.Org are respectively mapped to “birnlex 867-Purkinje” and “nifext_153-

Dentate gyrus granule cell” in NIFSTD. NIFSTD also incorporates cell type relations and 

terms from other related efforts, such as the Open Biomedical Ontologies (OBO: Bard et 

al., 2005) and the sub-cellular anatomy ontology (SAO: Larson et al., 2007). The partially 

hierarchical organization of theNeuroMorpho.Org metadata (e.g. with the primary 

distinction of cell types among “principal cells”, “interneurons”, and “axonal terminals”) 
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facilitated local term mapping onto the NIFSTD and other relation ontologies (Figure 

2.5). As it continues to evolve, the NIFSTD vocabulary will be used as a controlled 

terminology for NeuroMorpho.Org, including the adoption of terms beyond cell type 

(e.g. species and brain regions). The ongoing growth of NeuroMorpho.Org in return will 

feed back to the NIF vocabularies with new terms necessary to describe neuronal 

reconstructions added at each successive release. 

 

Deep registration and concept mapping acquire practical utility from the user’s 

perspective if the corresponding resources have programmatically cross-accessible query 

interfaces. In particular, this deeper registration allows users to “drill down” into the 

content of dynamic resources such as NeuroMorpho.Org, as explained in the next 

paragraph. Typical application generated requests are exemplified in the next section as 

well. NeuroMorpho.Org is also technically interoperable in that it allows direct external 

access to the data via URL embedded queries that accept name-value pairs specifying 

data source, SQL query, and output format. 
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Figure 2.5: A schema representation of cell type mapping between NeuroMorpho.Org 

and three relevant ontologies: NIF Standard (NIFSTD), Open Biomedical Ontologies 

(OBO), and Subcellular Anatomy Ontology (SAO). Each NeuroMorpho.Org cell type is 

represented as a tree node in the hierarchy. Rectangular nodes are mapped onto 

equivalent terms in NIFSTD (prefix “nif_cell”), OBO (prefix “CL”), or SAO (prefix 

“sao”). The nodes in oval shape are not mapped. Arrows represent “is-a” relationships 

(e.g. “Chandelier cells are interneurons”). 

 

 

Advanced functionality enabled by integration 
The NIFSTD terminology mapping allows concept based search on federated 

resources. The NIF search engine retrieves data by interrogating other resources in 

parallel based on their respective semantics as opposed to the original query string. This 

potential “drill down” usage of NIF with respect to the research domain of 

NeuroMorpho.Org can be illustrated with a few examples. At the simplest level, users 

gain access to data and information from multiple resources at once. For instance, a NIF 
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keyword search for “Purkinje cell” retrieves results from the Cell Centered Database 

(CCDB: Martone et al., 2002), SenseLab (Shepherd et al., 1998), and NeuroMorpho.Org. 

Thus, the user is provided at once with subcellular microscopy images, physiological 

properties, and morphological reconstructions for this cell type. 

 

A more complex situation could be envisioned with a NIF search for “Nucleus 

accumbens”. NeuroMorpho.Org returns 379 basal forebrain reconstructions: 146 large 

aspiny cells and 232 medium spiny neurons from the rat, and 1 medium spiny neuron 

from the mouse. One of the two corresponding reference article reports that nicotine may 

cause enduring changes in both classes of these cells. The CCDB-retrieved high 

resolution tomographic images show the distribution of spines on a single dendritic 

branch. Combination of spine density from CCDB data with the arbor metrics from 

NeuroMorpho.Org suggests a hypothetical effect of nicotine on subcellular volumes. 

Conveniently, NIF also returns results from the National Institutes of Health grant 

database CRISP (Computer Retrieval of Information on Scientific Projects), broadening 

the context of this search to a related list of ongoing funded research. 

 

In another scenario, a user is designing a research project to understand the kinetics of K+ 

channels in dentate granule cells of Sprague-Dawley rats. A NIF search seamlessly yields 

44 digital dendritic reconstructions from NeuroMorpho.Org, 21 compartmental models 

from SenseLab, available monoclonal antibody for Kv subunits from NeuroMab.org, a 

set of interacting protein along with the gene kcnip3 from Entrez Protein 
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(ncbi.nlm.nih.gov/Database), and gene expression patterns for KcnK1 from Gensat.org. 

Combining all of this information gives the user a wider perspective on the topic of 

interest and the available data. Depending on the goal of the user, such direct capability 

to mine heterogeneous databases can positively impact various stages of research. As the 

usage statistics of NIF grows, so does the motivation for sharing and organizing data, 

which in turn will also require expanding the scope of interoperability of this resource. 

 

Data model and management 
There are four criteria for inclusion of anatomical data in NeuroMorpho.Org. (1) 

The content of each entry must include branching structures (axons and/or dendrites) of 

individual neurons with a unique root (typically the soma), as opposed to e.g. fiber tracts 

or disconnected neuropil. (2) The data must explicitly represent the arbor connectivity in 

vector format (e.g. midline positions and diameter), rather than membrane surface 

contours or volumetric intensities (image stacks or voxel sets). (3) The data must be 

freely available except for requirements of proper credit assignment. (4) The data must be 

described or used in a peer-reviewed publication. The “dense coverage” goal of 

NeuroMorpho.Org is to include essentially all data that meet these four criteria. The 

initial data were gathered by mining available on-line archives and through direct peer-to-

peer requests to individual labs known to the database curators. This first round of 

collection yielded just shy of 1000 digital reconstructions, and resulted in the first 

NeuroMorpho.Org release in August 2006 with 932 neurons. Several version updates 

have since considerably expanded the data content (Table 2.2) and improved the site 

functionality. 
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Table 2.2:  Historic review of version releases to date and their number of 

reconstructions 

          

 

 

 

 

 

Metadata extraction 
Upon receipt of data meeting the above four criteria, each neuron is assigned a 

unique identification number, which is used as the primary organizational key throughout 

the application. Data content in NeuroMorpho.Org combines flat files, images, and 

textual metadata, all in several formats. Flat files consist of raw and processed digital 

morphologies (see Standardization process below). Images include both static (300×240 

pixel) and animated illustrations of each cell (see Data presentation above), created with 

CVAPP and MATLAB, respectively, with the aid of in-house scripts to semi-automate 

the process. Detailed information in text-based format is retrieved from the corresponding 

journal article publication. A considerable amount of effort is expended reviewing 

publications to gather and annotate the metadata for insertion in the repository. When the 

necessary information is missing in the original scientific reports and related online 

sources, we contact the authors directly. Additional metadata is extracted in the form of 

Version Release date Data content 

3.0 07/15/2008 4462 

2.2 02/29/2008 2185 

2.1 12/20/2007 1906 

2.0 10/15/2007 1826 

1.2 08/29/2007 1412 

1.1 05/04/2007 1160 

1.0 12/22/2006 1029 

Beta 09/20/2006 1000 

Alpha 08/01/2006 932 
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morphological measurements with L-Measure, which is freely available (Scorcioni et al., 

2008). 

 

The main structure of the underlying relational database is organized around 27 metadata 

tables. The related images and flat files are loaded into the system and indexed in the 

database for retrieval in the detailed page dynamically generated for each neuron upon 

query. Similarly, the abstract of and PubMed link to each paper are inserted in the 

database for reference. The morphological measurements are also stored for use in the 

morphometry search. The core table links the primary identification key to all metadata 

fields as well as to these expanded tables in support of complex data retrieval. This 

flexible data model allows the seamless addition of new metadata fields and related 

information as needed or desired. 

 

Standardization process 
When neurons are digitally reconstructed in various laboratories and by different 

operators, the resulting morphologies come in diverse formats and often include several 

types of peculiarities, idiosyncrasies, and irregularities (some of which are graphically 

represented in Figure 6). In order to ensure a base level of homogeneity and compatibility 

with available analysis, visualization, and modeling tools, all reconstructions in 

NeuroMorpho.Org are converted into the common SWC format using L-Measure 

(Scorcioni et al., 2008). The resulting files undergo a process of standardization using a 

custom Java software program which reads SWC files, fixes some irregularities 
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automatically, and flags other anomalous lines as potential irregularities to be corrected 

by hand. 

 

               

 

Figure 2.6: Examples of morphological irregularities in the original data before 

processing for inclusion in NeuroMorpho.Org. 

 

 

 

All fixed and flagged lines are documented in a standardization log file with an 

alphanumeric code (defined in the help), a text description of the anomaly, and any action 

taken to remedy it. The numerical code denotes the type of error (e.g. “4.1” indicates a 

point with zero diameter). Automatically fixed lines are designated as “type A”; flagged 

lines are designated as “type B1” unless they are corrected by hand, in which case they 

are changed to “type B2”. Any additional irregularities noted by the operator, but not 
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detected by the program, are designated as “type C”. To facilitate processing of 

reconstructions with complicated or numerous corrections, the visualization and editing 

program Neuromantic (also freely available at www.rdg.ac.uk/neuromantic) has been 

modified to automatically track changes and append corresponding descriptions to the 

comment section of the SWC file. At the end of this process, the standardization program 

is run once again on the resulting SWC files to create a log of potential “remaining 

issues”. 

 

For further quality assurance, all files, images, and data are first uploaded into a 

temporary website for inspection and approval by the original providers of the raw data. 

This step also ensures that proper credit is assigned, and minimizes the risk of inaccurate 

representations. After implementing the eventual changes requested by data owners, the 

new release is uploaded onto the main site. 

 

 

Access statistics 
Currently, NeuroMorpho.Org contains more than 4400 neurons from ten different 

species, fourteen distinct brain regions, and more than 35 cell types (Table 2.3 and Figure 

2.4). 

 

Table 2.3: Abridged examples of cell types included in NeuroMorpho.Org from different 

brain regions 
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Region  Cell class 

Number 

of 

neurons 

Basal forebrain Medium spiny cell 233 

Basal Ganglia Dopamine cell 4 

Cerebellum 
Climbing fiber 

Purkinje cell 

2 

10 

Cerebral cortex 

Adapting non-pyramidal cell 

Basket cell 

Bipolar cell 

Bitufted cell 

Chandelier cell 

Double bouquet cell 

Martinotti cell 

Neurogliaform cell 

Neuropeptide Y (NPY) containing cell 

Parvalbumin (PV) containing cell 

Pyramidal cell 

Somatostatin (SOM) containing cell 

Stellate cell 

Von Economo 

1 

64 

6 

47 

4 

9 

36 

30 

11 

8 

2509 

33 

32 

29 

Dorsal 

Thalamus 
Relay cell 

5 

Region  Cell class 

Number 

of 

neurons 

Hippocampus 

Calbindin (CB) containing cell 

Calretinin (CR) containing cell 

Cholecystokinin (CCK) containing cell 

Granule cell 

18 

29 

14 

82 

Olfactory bulb Uniglomerular projection neuron 233 

Protocerebrum Lateral horn neuron 19 

Retina 
Amacrine cell 

Ganglion cell 

1 

64 

Spinal cord 

Dorsal Spinocerebellar tract (DSCT) cell 

Ia inhibitory cell 

Motoneuron 

Renshaw cell 

8 

8 

100 

4 

Ventral Modulated cell 12 
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Additional neurons have already been collected and are being processed for inclusion in 

the next release. Furthermore, another 4000 neurons have been identified in the literature 

and will be requested from the authors. As the number of data sets in this repository 

expands, so will the opportunities to mine for new scientific insights, such as 

developmental rules and structural-functional relations. Recent citations already 

demonstrate usage of data from NeuroMorpho.Org in the published literature (Crook et 

al., 2007; Bar-Yehuda and Korngreen, 2008; Fleidervish and Libman, 2008; Wen and 

Chklovskii, 2008). Several encouraging projects are also active regarding related tool 

development (e.g. www.neuronland.org). 

The application keeps track of all access to the web site (Figure 2.7). A complete history 

is maintained to aid site improvement and future planning. Moreover, these reports show 

how often each and every data set is downloaded and which queries are most used. The 

usage log file is evaluated monthly to harness the desired statistics and track the number 

of downloads. At the time of this writing, NeuroMorpho.Org has had more than 10,000 

visitors from 55 countries worldwide, with a steady flow of at least 250 to 300 visits per 

month (Figure 2.7A). A total of more than 250,000 files have already been downloaded 

(up to 70 downloads per neuron). Although some users are downloading massive 

amounts of data at a time, the majority of searches and downloads are targeted at specific 

subsets of reconstructions (Figure 2.7B). These results suggest that scientists are using 

Thalamus Reticular cell 1 

Visual Lobe Tangential cell 13 
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NeuroMorpho.Org to access neuronal reconstructions, indicating that this resource has 

become a successful reference to browse neuroanatomical information, evaluate 

morphometric measurements, and download the data of interest. 

 

 

 

Figure 2.7: Usage of NeuroMorpho.Org. (A) A chronological illustration of the number 

of site access and file downloads on a logarithmic scale. (B) Distribution of session 

profiles based on the relative proportion of downloads per hit. 
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An even broader awareness of NeuroMorpho.Org is expected to result from the NIF 

integration, as preliminarily evidenced from the usage statistics after the recent NIF 

release. Increasing usage of NeuroMorpho.Org and all other NIF-related resources will 

ultimately prove that integration benefits the whole neuroscience community, adding 

value to the data, and providing greater opportunity for new discoveries. At the same 

time, it is important to remember that a critical determinant of the success of 

NeuroMorpho.Org is the intent to cover densely all the digital reconstructions available 

for public sharing. In light of the NIF aim and scope, the importance of earning the user’s 

confidence that, if a data file can be obtained, it will be found in such a database, is a key 

lesson for those seeking to create similar digital resources. 
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APPENDIX TWO: GROWING A GARDEN OF NEURONS 

Rebekah C. Evans and Sridevi Polavaram 
Computational models of biologically realistic neuronal networks have advanced 

neuroscience in the past 20 years. With an ultimate goal of simulating a whole brain, 

these networks must become larger and more complex. However, a sheer massive 

number of neurons do not make a brain. Neurons are all different, with different kinetics, 

neurotransmitters, and importantly different morphologies. A network can be made by 

connecting copies of the same cell together, but this kind of homogenous network can 

only explain so much. Real neuronal networks are heterogeneous and are made up of 

neurons that follow both intrinsic and extrinsic cues to grow their unique dendritic arbors 

(Scott and Luo, 2001). In addition to homogenous and heterogeneous network models, 

hybrid network models have been implemented by creating a small heterogeneous 

network and replicating it to establish a larger network (Kozloski, 2011).  However, 

modeling studies have shown that homogenous networks act differently than realistic 

heterogeneous ones (Mäki-Marttunen et al., 2011). Because computational neuronal 

networks need to grow larger to simulate complete brain regions, and because 

heterogeneity in a network is critical to modeling a realistic brain, algorithms for digitally 

generating neural morphologies are a necessary step toward this goal. 

A new paper by Memelli et al. (2013) joins the field of papers providing 

algorithms for growing digital neurons. Their algorithm can be used to build a network 
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consisting of millions of neurons each with a unique morphology. The current models, L-

Neuron (Ascoli et al., 2001), NeuGen2.0 (Wolf et al., 2012), NetMorph (Koene et al., 

2009), and CD3X (Zubler and Douglas, 2009) have made great strides in advancing the 

process of generating digital neurons. These models are all publicly available, and can be 

used to generate large networks of neurons. Recently L-Neuron was used to generate a 

0.5 million cell model of the dentate gyrus (Schneider et al., 2012). Each algorithm has 

its own specific advantages. NetMorph has a synapse-generating algorithm, NeuGen2.0 

is modular and adaptable to new data, and CD3X can isolate intrinsic and extrinsic 

factors of neuron development by growing the same neurons in different model 

environments. In combination with the parallelization of simulation software (such as 

NEURON (Migliore et al., 2006)), these neuron generators are laying the groundwork for 

enabling massive biologically realistic simulations. 

Memelli et al. (2013) do not attempt to model the molecular mechanisms of 

dendritic growth, but instead work to make a concise, computationally efficient model 

that can capture the structure and variability of realistic morphologies. Their work adds 

two elements to this field. First, it simplifies the neural growth algorithm to contain a 

combination of three biologically inspired intrinsic parameters: soma-oriented tropism, 

dendritic self-avoidance, and membrane stiffness. The three parameters of their growth 

algorithm are all intrinsic to the cell itself and do not take into account any extrinsic 

signals that could come from other neurons or physical constraints. Each of these 

parameters has been previously described, but Memelli et al. are the first to combine 

them in one simple model. Second, their algorithm is written to be fast and massively 
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parallel, creating the possibility for generating billions of neurons on the IBM Bluegene 

computer. Their algorithm can generate a neuron in less than two seconds, and when run 

on parallel cores is capable of generating enough neurons to simulate an entire brain 

region. Together, these elements fit the need to have morphological diversity within a 

network as well as the need to have extremely large networks.  

Each of the current morphology simulators has their particular strengths. The 

ideal situation would be for Memelli’s new algorithm to be incorporated into one of the 

existing ready-to-use packages. For example, the application of this algorithm within the 

external constraints of CX3D could help isolate the extrinsic and intrinsic aspects of 

dendritic arborization. When used together these simulators can help create massive-scale 

heterogeneous networks for computational modelers and can help investigate how 

dendrites actually grow.  

Keywords: tools for virtual neuronal morphologies generation, modeling of neuronal 

networks, algorithms for parallel computation, intrinsic and extrinsic factors for 

neuromorphological growth simulation, digital neurons. 
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NeuroMorpho.Org is a centralized repository of neuronal reconstructions hosting 

data from a variety of species, brain regions, and experimental conditions
1
. This resource 

aims to provide dense coverage of available data by including all digital tracings 

described in peer-reviewed publications that the authors are willing to share
2
. Although 

most reconstructions to date are acquired manually or semi-manually
3
, the transition to 

quasi-automated methods is widely considered as necessary for long-term progress
4
. The 

2010 DIADEM competition (DiademChallenge.org) helped foster considerable advances 
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towards tracing automation
5
 and was followed one year later by the large-scale 

reconstruction of more than 16,000 Drosophila neurons
6
. The public posting of all image 

stacks and corresponding digital tracings on flycircuit.tw after an additional year
7
 

constituted the first (and so far only) success in high-throughput digital morphology. 

 

Although flycircuit.tw reconstructions are beginning to enable new analysis and 

discoveries by independent research groups
8
, these data were posted in a commercial 

format (vsg3d.com/amira/skeletonization) and lacked useful information such as the 

somatic brain region. Following the open invitation of flycircuit.tw to copy, transform, 

and redistribute the material for non-commercial re-use, here we announce inclusion of 

this dataset in non-proprietary SWC format, along with additional metadata and 

morphometric measurements, under “Chiang archive” in NeuroMorpho.Org version 6.0. 

With this major release, the number of NeuroMorpho.Org reconstructions more than 

doubles from 11,335 to 27,385. 

 

Data Conversion and Standardization. Each of the existing 16,050 reconstruction files 

(out of the 16,227 flycircuit.tw neuron pages) were initially converted from the posted 
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Amira representation into the de facto community standard SWC, which is compatible 

with all freely available visualization, analysis, and modeling tools. Due to its large 

number, the whole dataset was processed with an automated variant of the 

NeuroMorpho.Org standardization pipeline 

(neuromorpho.org/neuroMorpho/StdSwc1.21.jsp). Accordingly, only the following 

irregularities were checked: trifurcations, long connections, overlapping points, and large 

radius. Essential metadata and measurements were then computed for each of these 

neurons to enable full search and browse functionality. The added information included 

somatic region assignment, neuron type classification (both further explained below), 

morphometric quantification
9
, and strain (genetic) mapping against 

flybase.org
10

. Moreover, a second version of the reconstruction file was included for a 

subset of 617 neurons as made available from an independently published report using 

the same image stacks
11

.  

 

Brain Region Assignment. The structure of metadata for neuron location in 

NeuroMorpho.Org largely follows the typical organization of mammalian brains in 

regions, sub-regions, layers, and/or nuclei. In contrast, the somata in the fly central 

nervous system tend to line up on the neuropil surface
12

. As a consequence, it is not 
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uncommon for cell bodies to lie near the border of two (or occasionally three) neuropils. 

We therefore leveraged flycircuit.tw online records, query tools, and image stacks to map 

every soma of the 16,050 neurons to one, two or (rarely) three brain regions. We first 

interrogated the flycircuit.tw text-based search engine to list all neurons within 0 µm of 

each of the 58 represented regions. This operation returned 5533 neurons mapped to 

single regions and no neuron mapped to more than one region. Next we searched neurons 

within 10 µm of each region. This step returned 8171 neurons mapped to single regions, 

including 3958 of the 5533 found at 0 µm. The brain region matched between 0 and 10 

µm for 3894 of those 3958 neurons, and mismatched for only 64. Assuming the 

assignment at 0 µm as the gold standard, these values correspond to 98.4% reliability for 

the assignments at 10 µm. We therefore accepted the further assignment of the additional 

4213 neurons. With the same approach, we assigned the somatic brain region of 2475 

more neurons (with estimated 84.2% reliability) by searching within 20 µm. When we 

attempted to search within 30 µm, however, the estimated reliability dropped to 13.6%; 

thus, we rejected those assignments. Altogether, the above described process assigned the 

somatic brain region of 12,219 neurons.  

 

The searches within 10 and within 20 µm also returned 1984 and 535 neurons, 

respectively, matching two or more brain regions. The last 1489 neurons could not be 

mapped to any region within 20 µm and were considered as potentially residing in any of 

the 58 regions. The total number of neurons sums up to 16,227, but only 16,050 of these 

had an associated morphological reconstruction file. To assign the somatic location of 
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every neuron matching two or more brain regions, we first calculated the Euclidean 

distance between that neuron and each of the neurons uniquely mapped to one of those 

regions (a subset of the 12,219 uniquely mapped neurons) using the corresponding 

flycircuit.tw atlas coordinates. We then defined the proximity of the neuron to each of 

those regions as the sum of the inverse of the distance to every neuron in that region. For 

example, if a neuron matched both Mushroom Body (MB) and Medulla (Med) in one 

hemisphere, given the distances of that neuron from the n Mushroom Body neurons 

(dMB1, dMB2, dMB3,……dMBn) and from the m Medulla neurons (dMed1, dMed2, 

dMed3,……dMedm), the respective proximities are: ProxMB   ∑i(1/dMBi), where i 1…n, and 

ProxMed   ∑j(1/dMedj), where j 1…m. These proximity values are then used to determine 

the relative assignment probabilities for MB and Med: ProbMB = ProxMB / (ProxMB + 

ProxMed) and ProbMed = ProxMB / (ProxMB + ProxMed). 

 

If a neuron only matched two regions, we assigned the somatic location exclusively to 

one region if its probability was at least twice as high as that of the other region (that is, if 

one of the two regions had a probability of 66.67% or higher). Otherwise, we assigned 

the neuron to both regions (representing a border location between the two).  For neurons 

matching three or more regions, we devised a heuristic decision tree to associate one, two 

or three regions (representing their location within one region, at the border between two 

regions, and in the intersection of three regions, respectively) based on the corresponding 

assignment probabilities. The details of the decision tree are available at 
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NeuroMorpho.Org/neuroMorpho/techDocFlyData.jsp. Following this procedure, 14,409 

neurons were mapped to one region, 1632 to two, and 9 to three. 

 

To verify the results of this empirical process, we built an adjacency matrix of male and 

female brain regions based on the corresponding flycircuit.tw template image stacks. We 

considered two regions adjacent if they share a border or if they are in close proximity 

without a third region in the middle. We employed this matrix to check that the double or 

triple somatic region assignments by the decision tree corresponded to adjacent cases, 

manually inspecting all doubtful cases against the original flycircuit.tw images. Lastly, 

we translated the assigned regions to NeuroMorpho.Org metadata entries based on the 

VirtualFlyBrain.org hierarchy
13

. For neurons assigned to more than one region, we 

mapped only the most likely region to the hierarchy, adding the other assigned region(s) 

as bordering locations in NeuroMorpho.Org metadata. 

 

Neuron Type Assignment. The distinction between principal (projection) cells and 

(local) interneurons was based on the flycircuit.tw list of regions invaded by the neurite 

terminals of every neuron. We considered a neuron as an interneuron if 95% or more of 

its terminals were contained within the somatic region and its adjacent brain regions. 

Conversely, we marked a neuron as a principal cell if more than 5% of its terminals were 

found in non-adjacent regions. This definition yielded 10,079 principal cells and 5,971 
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interneurons. We further sub-divided all neurons on the basis of their putative 

neurotransmitter and, lastly, by their birth date.  

 

Future implications. The content of NeuroMorpho.Org has grown continuously from just 

shy of 1000 reconstructions in the August 2006 beta release to 11,335 in version 5.7 

(May 2014), paralleling considerable developments in the field
14

. This increase has been 

accompanied by steady rise in downloads, secondary discoveries, and citations
15

. The 

newly included Chiang archive constitutes the largest available dataset and is the second 

“atlas-like” collection of neurons in the repository (after C. elegans). All 16,050 latest 

reconstructions in version 6.0 can now be browsed, searched, visualized, inspected, and 

downloaded as the rest of the repository content.  

 

This major release significantly shifts the balance of available data. Up to version 5.7 the 

dominant species were rodents, accounting for nearly two-thirds of reconstructions 

(evenly split between rat and mouse). In version 6.0, Drosophila alone comfortably 

sweeps up the absolute majority. In the same vein, neocortical neurons, until recently 

constituting half of the digital tracings, now represent a mere one fifth of the available 

data, and pyramidal neurons followed the same numeric fate. Similarly, bright field 

microscopy of sectioned slices from Golgi staining or intracellularly injected dyes was up 
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to this last release by far the most popular preparation in digital morphology. The 

dominant experimental approach now becomes whole-mount confocal microscopy with 

genetically labeled fluorescent proteins. 

 

On the one hand, NeuroMorpho.Org content will likely even out, at least in the short-

term. More than 8000 additional neurons from recent publications are already in the 

processing pipeline for future releases, including individual archives of more than 2000 

reconstructions each from studies in culture
16

 and in vitro
17

. We typically identify more 

than one thousand new reconstructions every month through systematic literature 

searches and we receive several hundred of those upon request for public sharing in the 

same time span. Thus, within one or two years the distribution of metadata is expected to 

evolve further and adjust substantially. On the other hand, the Chiang dataset also 

constitutes a possibly historical shift in technology from manual to automated 

reconstructions. In the likely future prospect of a definitive transition to fuller 

automation, it is expected that the size of typical individual archives (and eventually of 

the entire repository) will grow by one order of magnitude or more. Given the successful 

impact NeuroMorpho.Org has already had in the neuroscience community, we expect 

that this major update and future anticipated releases will foster substantial research 

advancement. 
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