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Background: The challenge of classifying cortical interneurons is yet to be solved. Data-driven classification into
established morphological types may provide insight and practical value.

Results: We trained models using 217 high-quality morphologies of rat somatosensory neocortex interneurons
reconstructed by a single laboratory and pre-classified into eight types. We quantified 103 axonal and dendritic
morphometrics, including novel ones that capture features such as arbor orientation, extent in layer one, and
dendritic polarity. We trained a one-versus-rest classifier for each type, combining well-known supervised classification
algorithms with feature selection and over- and under-sampling. We accurately classified the nest basket, Martinotti,
and basket cell types with the Martinotti model outperforming 39 out of 42 leading neuroscientists. We had moderate
accuracy for the double bouquet, small and large basket types, and limited accuracy for the chandelier and bitufted
types. We characterized the types with interpretable models or with up to ten morphometrics.

Conclusion: Except for large basket, 50 high-quality reconstructions sufficed to learn an accurate model of a type.
Improving these models may require quantifying complex arborization patterns and finding correlates of
bouton-related features. Our study brings attention to practical aspects important for neuron classification and is
readily reproducible, with all code and data available online.

Background

Although GABAergic interneurons constitute only
10-30% of the neurons in the neocortex they are
highly diverse with regards to morphological, electro-
physiological, molecular, and synaptic properties [1-8].
Most researchers consider that interneurons can be
grouped into types [9] with much less variability within
types than among them. High-throughput generation of
data is expected to enable learning a systematic taxonomy
within a decade [10], by clustering [11, 12] molecular,
morphological, and electrophysiological features. Cur-
rently, however, researchers use (e.g., [13],) and refer
to established morphological types such as chandelier
(ChC), Martinotti (MC), neurogliaform (NGC), and
basket (BA) [6, 8, 14, 15]. These types are identified on
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the basis of the target innervation location —e.g., the
peri-somatic area for basket cells— and somatodendritic
and axonal morphological features. The latter can be
subjective and lead to different classifications: e.g., while
[16] distinguish between large, nest, and small basket cell
types, based on features such as axonal arbor density and
branch length, [14] only distinguish between large and
common basket types. There is thus no single catalogue
of types, and the different classification schemes [6, 14]
only partially overlap. There is, however, consensus on
the morphological features of the ChC, MC, and NGC
types [14].

Using a trained model to automatically classify
interneurons into these morphological types [17] could
bring insight and be useful to practitioners [14]. A suf-
ficiently simple and accurate model would provide an
interpretable mapping from the quantitative characteris-
tics to the types, such as, for example, the classification
tree [18] model by [19] relating mRNA expression to
anatomical type. Unlike classification by an expert, a
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classifier’s assignment of an interneuron into a particular
type can be understood by analyzing the model, and many
models can quantify the confidence in their decision.
Identifying cells that the model cannot reliably classify
into any of the a priori known types might lead to refining
the classification taxonomy, as these cells might belong to
a novel type, or suggest that the boundary between a pair
of types is unclear if the model finds many interneurons
very likely to belong to either type. Sufficiently accurate
models could be used by all practitioners to ‘objectively’
classify interneurons, rather than each of them assigning
their own classification. Learning such models may help
enable future unsupervised type discovery by identi-
fying and fostering the development and definition of
useful morphometrics. Such models can be trained in a
supervised fashion [20-22], with the cells pre-classified
(labeled) into a number of a priori specified types. With
thousands of neuronal morphology reconstructions
[23, 24] available at online repositories such as Neuromor-
pho.org [25, 26] and the Allen Brain Cell Types Database!,
this seems more attainable than ever, especially for the
rodent brain.

There are, however, practical obstacles and aspects to
consider when learning such models. First, it is impor-
tant that class labels (i.e., the a priori classification) are
assigned according to well-established criteria, to avoid
learning idiosyncrasies of the annotating neuroscientist.
Second, reconstructions at Neuromorpho.org are often
incomplete (e.g., insufficient axonal length or interrupted
axons), lack relevant metadata, such as the cell body’s
cortical area and layer, and there is a lot of variability if
combining data across species, age, brain region [4], as
well as histological, imaging, and reconstruction proto-
col [27-29], whereas focusing on a homogeneous data
set shrinks the sample size. Third, infinitely many mor-
phometrics [30] —variables that quantify morphological
features— can be computed and their choice will influ-
ence the model [31]. While the Petilla convention [9]
provided a reference point by identifying a set of fea-
tures to distinguish interneuron types, only some of them
are readily quantified with software such as L-Measure
[32] and Neurolucida Explorer (MicroBrightField), as
many either rely on often-missing metadata (e.g., laminar
extent), or are vaguely defined (e.g., ‘dense plexus of highly
branched axons’). Indeed, researchers have often resorted
to quantifying interneurons with custom-computed
morphometrics [13, 33-35].

In the present study we learned models from 217
high-quality reconstructions, namely two-week-old male
rat hind-limb somatosensory cortex interneurons, recon-
structed at the Laboratory for Neural Microcircuitry at
the Ecole Polytechnique Fédérale de Lausanne [36]. Each
cell was pre-classified into one of eight morphological
types described in [6]2. With only seven ChC and 15
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bitufted (BTC) —yet as many as 123 BA and 50 MC—
cells, the sample was insufficient to accurately distinguish
each of the eight types, yet the homogeneity and quality
of the data, along with a careful selection of morpho-
metrics and a comprehensive machine learning approach,
allows for establishing a baseline classification. Although
the class labels were assigned following clear criteria, they
came from a single laboratory, and we thus contrasted
them (for 20 cells) with alternative labels provided by 42
leading neuroscientists that participated in [14]. We also
looked for morphology reconstruction issues which might
distort the morphometrics. We trained a model for each
type in a one-versus-all fashion (e.g., ChC or not ChC;
see [37],). Importantly, we developed custom R [38] code
to quantify a number of Petilla features, including those
regarding: arbor shape and direction; dendritic polarity;
the presence of arborization patterns typical of the MC
and ChC types; and translaminar extent [34], which we
estimated using metadata on laminar thickness and soma’s
laminar location (i.e., which layer contained the soma).
We complemented them with standard axonal and den-
dritic morphometrics [30], such as the mean branching
angle and mean terminal branch length, computed with
the NeuroSTR library>. For each classification task (e.g.,
ChC or non-ChC), we ran nine well-known supervised
classification algorithms [20, 21], such as random forest (
[39],) and lasso-regularized logistic regression [40]. As a
prior step, we applied univariate and multivariate feature
selection [41, 42] and sampled the training data to deal
with class imbalance (e.g., there were seven ChC and 210
non ChC cells; see [43, 44],). We validated the MC mod-
els against the classification by 42 neuroscientists from
[14] and illustrated how cells commonly misclassified
by different models [45] may correspond to atypical
MC morphologies*. The study can be easily reproduced
[46-48] as all code and data are available®.

Morphological classification

Since the early studies of Santiago Ramoén y Cajal it has
generally been assumed that interneurons belong to dis-
tinct classes [2, 49-51]. There is, however, no universally
accepted catalog of such classes [9, 14]. [6] provided
a widely cited morphological classification scheme for
inhibitory interneurons in layers L2/3 to L6. It specifies
nine distinct types (see Fig. 1 for a listing and acronym
definitions) on the basis of axonal and dendritic features,
including fine-grained ones such as bouton distribution.
This scheme is often refined (e.g., [7, 13],) by adding a
layer prefix to each type (e.g., L23_MC, L4_MC, etc.) for
a total of 4 x 9 = 36 types. [14] proposed an alternative,
pragmatic classification scheme, based only on high-level
patterns of axonal and dendritic arborization. It partially
overlaps with the [6] scheme, sharing the NGC, ChC, and
MC types®. In [14] 42 leading neuroscientists classified a
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Fig. 1 Examples of the eight morphological types from [6] for which we learned supervised models. The types are: bitufted (BTC); chandelier (ChQ);
double bouquet (DBQ); large basket (LBC); Martinotti (MC); nest basket (NBC); small basket (SBC), and the compound basket (BA) type, composed of
NBC, LBC, and SBC cells. Neurogliaform (NGC) and bipolar (BP) types not shown as we omitted them from supervised classification, because we had
only three cells of each. Typical features, according to [6], include: bitufted dendrites (BTC); sharply branching axons and low bouton density (LBC);
and axons with spiny boutons, reaching L1 (MC); and vertical rows of boutons (ChC). Axons are drawn in blue with dendrites and somata in red.
Dashed green lines indicate layer boundaries from the rat hind-limb somatosensory cortex. There are 100 um between consecutive grid lines

set of interneurons by looking at 2D and 3D morphology
images (they also knew the layer containing the soma)
and found that the ChC and, to a lesser degree, MC
and NGC types could be identified from high-level mor-
phology alone, as the neuroscientists largely agreed when
deciding whether or not a cell was a member of these

types.

Digital reconstructions

A typical neuronal morphology reconstruction [23] is a
sequence of connected conical frusta [52], called seg-
ments (or compartments), each characterized by six val-
ues: the Euclidean coordinates (X, Y and Z) and radius
of its terminating point, all given in um; the identity
of its parent segment; and its process type (soma, den-
drite or axon); with the soma’s centroid usually at coor-
dinates (0,0,0). A branch is the sequence of segments
between two bifurcation points (i.e., terminal point of a

segment having multiple child segments), while linked
branches form an arbor. The reconstructions are most
commonly traced by hand [23] and there is substantial
inter-operator variability [27], especially regarding fine-
grained properties, such as dendritic and axonal thickness
and local branching angles, while bouton locations are sel-
dom included. In addition, histological processing of brain
slices makes the tissue shrink, increasing arbor tortuos-
ity (decreasing reach while maintaining total length) [53].
Current efforts to improve and standardize automatic
reconstruction, such as BigNeuron [29] may remove
reconstruction-specific differences, increasing the usabil-
ity of morphologies produced.

Morphometrics

The Petilla convention [9] established a set of morpholog-
ical features that distinguish cortical interneuron types.
They include characteristics such as: branching angles;
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axon terminal branch shape (curved / straight); bou-
ton density and clustering patterns; dendritic polarity;
whether the axon is ascending or descending; whether it
is intra- or trans-laminar; or presents distinctive patterns
of arborization, such as ‘bundles of long, vertical branches
or tufts’ or ‘dense plexus of highly branched axons’ Many
of these correspond to standard neuronal morphomet-
rics (e.g., branching angles) or can be quantified rather
directly (e.g., one can compute the tortuosity of termi-
nal branches). Others either a) are often impossible to
quantify, since relevant data (e.g., bouton density) may be
missing from the digital morphology reconstruction; b)
can only be approximated (e.g., translaminar extent) as the
data is often incomplete (we often only know the soma’s
layer, not the position of the soma within the layer); or c)
are vaguely defined (e.g., ‘dense plexus of highly branched
axons’).

Standard neuronal morphometrics [30] are either met-
ric (e.g., branch length) or topological (partition asymme-
try; [54],), and are computed either at the whole arbor(s)
level (e.g., height) or for a part of the tree, such as a branch
or a bifurcation (e.g., branch length); the latter are then
quantified with summarizing statistics across the arbor(s)
(e.g., mean and maximal branch length). These morpho-
metrics can be computed with software such as the free
L-Measure [32], the commercial Neurolucida Explorer
(MicroBrightField), and open-source alternatives being
actively developed such as NeuroSTR and NeuroM’. L-
measure provides 42 analyses of morphology, with five
summary statistics per analysis; 19 out of the 42 analy-
ses depend on arbor diameter or local bifurcation angles,
which often differ across laboratories [27, 28], and it seems
to assume bifurcating branches, although multifurcations
can occur [55].

Researchers have often quantified interneurons with
custom-implemented morphometrics such as: the mean
X coordinate of the axon (e.g., [13],); 2D (X and Y)
axonal ‘tile surface’ and density [35]; the extent of axonal
arborization in L1 [34]; features derived from 2D axonal
and dendritic density maps [7]; dendritic polarity [33];
estimates of translaminar extent and of the radial (ascend-
ing or descending) direction of arborization [56]; or the
position of the convex hull’s centroid as a proxy for arbor
orientation and extent [35, 56].

Method

Here we provide an overview of the applied methodology.
Details, such as the definitions of morphometrics, are
provided in Additional file 1.

Data

We used 228 hind-limb somatosensory cortex interneu-
ron morphologies from two-week-old male Wistar (Han)
rats. These cells were previously reconstructed by the
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Laboratory for Neural Microcircuitry and then used by
[13] for simulating a cortical microcircuit®. They cor-
rected shrinkage along the Z-axis, while shrinkage along
the X and Y axes was of approximately 10%. They classi-
fied the cells into 36 layer L2/3 to layer L6 morphological
types of inhibitory neurons, based on their soma’s layer
and anatomical features described in [6, 16, 57], updat-
ing these criteria with a few laminar specificities: e.g., L6
MC cells were unique in that they did not reach L1, but
‘had a second axonal cluster formed below L1’ ( [13],page
2 in the supplementary material). For each cell, we knew
which layer contained the soma and had estimates of
mean and standard deviation of cortical layers’ thickness
(see Table S3 in the Additional file 1). We had no data
on fine-grained features related to boutons and dendritic
spines. We merged the interneuron types across layers
(e.g., we considered L23_MC and L4_MC cells as mem-
bers of a single MC class) into the nine morphological
types defined by [6].

We had an alternative classification for 79 of our cells
provided by 42 neuroscientists that participated in the
study by [14], who were shown 2D and 3D images of the
cells and were told the layer containing the soma, and clas-
sified them following the scheme by [14]. Among these,
we used the 20 cells® classified in our data —that is, by
[13]— as MC, ChC, and NGC —the three types common
to both classification schemes— to contrast the neurosci-
entists’ labels to ours, but we did not use them to train the
models. We will reserve the term ‘our labels’ to the labels
by [13] which we trained the models with.

For supervised classification, we omitted the BP and
NGC types, as we had only three examples of each and
formed a compound type —basket (BA)— by merging the
NBC, LBC, and SBC cells. We also omitted five cells with
morphology issues: three cells whose axonal arborization
was interrupted, and two with short axons (2500 um and
2850 wm)!?, thus obtaining the final sample of 217 cells
from eight interneuron types (seven ‘base’ types plus the
compound BA type) used for supervised classification (see
Fig. 2).!1

Morphometrics

We computed a total of 103 axonal and dendritic morpho-
metrics, 48 of which were custom-quantified Petilla [9]
features . The custom-implemented morphometrics cover
a) arbor shape, direction, density and size; b) laminar
distribution; c) dendritic polarity and displacement from
axonal arbor; and d) the presence of arborization patterns
typical of the MC, ChC, and LBC types. We determined
arbor orientation with principal component analysis, fol-
lowing [58]. We quantified laminar distribution as the
probability of the arbor reaching at least two layers (one
being its soma’s home layer), given that the soma’s vertical
position within its layer was unknown and that laminar
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Fig. 2 Frequencies of interneuron types in our data: overall (left) and per cortical layer (right). This figure shows the 217 cells used for supervised
classification, with the SBC, NBC, and LBC types also shown in the bar corresponding to BA (i.e, the BA bar does not contribute to total cell count)

thicknesses were random variables rather than precise
values. We distinguished between bipolar/bitufted and
multipolar dendrites by determining whether dendrite
roots were located along a single axis (for an alterna-
tive metric see [33]). Finally, we quantified a number of
complex, type-specific patterns with simple, ad-hoc mor-
phometrics. For the MC type, we quantified the ‘axonal
collaterals that reach layer L1 and then ramify to form a
fan-like spread of axonal collaterals’ [9] pattern by con-
sidering the estimated probability of the axon reaching
L1, together with properties, such as width, of the upper
part of the arbor. For ChC, we counted the number of
‘short vertical terminal branches. We did not estimate
translaminar extent as, without knowing the soma’s loca-
tion within the column, it is poorly correlated to tangential
arborization span [34]. Figure 3 illustrates some of these
morphometrics.

The remaining 55 morphometrics were standard met-
ric and topological [30] ones, such as bifurcation angles
and partition asymmetry [54], including features of axon
terminal branches such as length and curvature. We
avoided morphometrics that are possibly sensitive to
reconstruction granularity, such as those derived from
axonal and dendritic diameter, local bifurcation angles, or
segment length (e.g., the Fragmentation and Length
analyses in L-Measure), as we had two groups of cells
that differed sharply in terms of mean diameter and
segment length.

We computed the morphometrics with the open-source
NeuroSTR library and custom R [38] code. NeuroSTR
allowed us to handle multifurcations (e.g., we ignored
angle measurements on multifurcating nodes) and com-
pute arbitrary statistics, so that, for example, we were able
to compute the median branch length. Still, a number of
potentially useful morphometrics available in Neurolu-
cida Explorer, such as box counting fractal dimension [59],
were not available in NeuroSTR and thus were not consid-
ered in this study. Additional file 1 (Section 1) lists all the

morphometrics used, with definitions and computation
details.

Supervised classification

Rather than training models to distinguish among all
interneuron classes at once, we considered eight settings
where we discerned one class from all the others merged
together (e.g., whether a cell is a ChC or a non-ChC cell).
One benefit of this is that we can interpret such mod-
els, and look for relevant morphometrics, in terms of that
particular type. On the other hand, training these models
suffers from class imbalance ( [43],); this was most pro-
nounced for the ChC type (there were seven ChC cells and
210 non ChC cells), and least pronounced for BA (123 BA
and 94 non-BA cells), which was the only setting in which
the class of interest was the majority one (i.e., there were
more BA than non-BA cells).

To each classification setting we applied nine supervised
classification algorithms (see Table 1 for a list with abbre-
viations), such as random forest (RF), single-layer neural
networks (NNET), and support vector machines (SVM),
covering all main ‘families” of classifiers. RF and SVM
are among the most accurate classifiers available [60],
while lasso regularized logistic regression (RMLR) and
classification and regression trees (CART) can provide
parsimonious and interpretable models.

Briefly, NB approximates the joint probability distribu-
tion over the class and the features P(c,x) by assuming
the features x are independent given the class ¢, while
LDA assumes that each class-conditional density p(x | ¢)
is a multivariate Gaussian with a mean pt. and a covari-
ance matrix ¥ common to all classes. RMLR approximates
P(c | x) with a linear function of x, fitting its coeffi-
cients B by regularized maximum likelihood estimation.
The B are interpretable: keeping all other features fixed,
a unit increase in a standardized feature X; increases
the log-odds of the positive class by g;. NNET mod-
els P(c | x) as a linear combination of derived features,
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Fig. 3 Custom-implemented morphometrics for an L4 MC (top panel: left; bottom panel: red), an L2/3 NBC (top: middle; bottom: green), and an
L2/3 SBC (top: right; bottom: blue) interneuron. The bottom panel shows standardized values, with black dots indicating minima and maxima
(extrema outside (—2.5,2.5) not shown). The axon of the MC cell originates from the upper part of the soma (axon_origin), grows along a radial
axis (eccentricity, radial;axis drawn with the orange line), radially far from the soma (y_mean, center of mass shown with orange dot) and
above it (y_std _mean), covers a small surface (grid_area), and its branches are not clustered together (grid_mean). It is translaminar
(translaminar) and there is just a moderate (around 30%) probability of it reaching L1 (11_prob) because, even with its soma vertically in the
middle of L4, it only touches the bottom of L1. Low 11_prob and arbor width produce a low estimate of width (11_width), bifurcations count
(11_bifs), and horizontal fanning out (11_gxa) in L1. The dendritic arbor of the MC cell is displaced (d. displaced) from the axon and the
dendrites stem from opposite ends of the soma (d. insert .eccentricity), located along a radial axis (d.insert .radial). The NBC cell's
axonal arbor is circular (radial), with closely grouped branches (grid_mean)) and a number of short vertical terminals

(short_vertical terminals). The axon of the SBC cell is intralaminar, tangentially oriented, with closely grouped branches, while both cells’
dendrites are spread out (multipolar) and colocalized with the axons. Dashed green lines indicate layer boundaries from the rat hind-limb
somatosensory cortex, assuming that the somas are located in the middle of their layer. Axon is shown in blue with dendrites and somata in red. The

grid lines are at 100 wm from each other. Dendritic morphometrics are prefixed with d.. Axon terminal branch morphometrics, not shown here, are
prefixed in the remainder of the text with t

each of which is in turn a linear combination of x. The learns T trees from T bootstrap samples of the train-
SVM finds the maximal margin hyperplane that sepa- ing data, while ADA learns each tree in the sequence by
rates two classes while projecting the data onto a higher  giving more weight to instances misclassified by the pre-
dimensional space. CART recursively partitions the train-  vious tree. kNN classifies an instance x by choosing the

ing samples by considering a single feature at a time.  most common class label among its k nearest neighbors in
RF and ADA are ensembles of T classification trees. RF  feature space.
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Table 1 Classification algorithms and their parameterization

Classifier Abbreviation R Package Prespecified
Parameters

Classification and  CART rpart [/1] DY =10,

regression trees |’D’| =5

k nearest neighbors kNN kknn [72] k=5p=2
unweighted

Linear discriminant LDA MASS [73]

analysis

Gaussian naive NB el071 [74]

Bayes

Random forest RF randomForest T =2000,m = /n

[75]

Lasso regularized  RMLR glmnet [76] L =001

logistic regression

Support vector  SVM e1071[74,771 RBRy =1,C=1

machine

Single-layer neural NNET neuralnet [/8] h=5

network

AdaBoost ADA gbm [79] T=3000d =1
s =0.001

For kNN, p = 2 stands for Euclidean distance. RBF: radial basis function. Remaining
parameters are defined in the Additional file 1/. R package is the library
implementing the method

We handled class imbalance with a hybrid of random
undersampling and SMOTE oversampling (e.g., [61],),
meaning that we removed (added) some majority (minor-
ity) class instances from (to) the training data. We also
pruned the set of morphometrics [41] by keeping only
those that were relevant according to the Kruskal-Wallis'?
(KW) statistical test [62] and our adaptation of the RF
variable importance (RF VI) ranking [39] for imbalanced
settings, termed balanced variable importance (RF BVI),
seeking to simplify the learned models. The RF VI of a fea-
ture can be loosely interpreted as its effect on the accuracy
of a random forest; to account for imbalance, we defined
RF BVI as the arithmetic mean of the per-class VI values
(see Section 2.5.2 in Additional file 1 for details). Both KW
and RF BVI are non-parametric and stable feature selec-
tion methods, that is, robust to minor perturbations in the
data. Furthermore, in small-sample class-imbalance set-
tings, univariate feature selection, such as with the KW
test, can improve predictive performance more than over-
and under-sampling [63].

Most of the classifiers used, as well as the sampling and
feature selection methods, require us to specify param-
eters, such as the number of neighbors for the kNN
classifier or the number of majority class instances to
remove in undersampling. While learning these from
data may improve performance, we opted to avoid addi-
tional learning complexity (i.e., increasing the probability
of over-fitting) and instead pre-specified all parameters,
using mostly the default values from the implementations
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of the corresponding methods (see Tables 1 and 2) rather
than fine-tuning them. For kNN and CART we chose five
neighbors (kK = 5) and five instances (DY = 5) at leaf
nodes, respectively, as we expected lower values to yield
overly complex models. For RF BVI we used 20000 trees
(T = 20000) to get stable rankings, while the ranking cut-
point value of 0.01 (bvi > 0.01) for was arbitrary. For over-
and under-sampling we devised a heuristic (see Additional
file 1: Section 2) to determine the sampling ratios; Fig. 4
illustrates its effects on the class distributions in the dif-
ferent settings. Note that we used the same parameters in
all eight classification settings.

The full learning sequence was therefore: 1) feature
selection; followed by 2) data sampling; and finally 3) clas-
sifier induction, with steps 1 and 2 being optional (i.e., we
also considered not selecting features and not sampling
the training data). We evaluated the classification perfor-
mance with F-measure!3 [64], a metric useful for assessing
the prediction of the class of interest in imbalanced set-
tings, and estimated it with k-fold cross-validation. We
ran all three steps of the learning sequence on the k
training data sets alone, i.e., without using the test fold
(that is, we selected features and sampled data within the
cross-validation loop, not outside of it). Since data sam-
pling is stochastic, and a large sampling ratio can change
the training set class distribution, we repeated cross-
validation ten times when including sampling within the
learning sequence. Finally, we identified potentially atypi-
cal MC morphologies as those commonly misclassified by
different models [45].

In order to classify an interneuron into any of the
seven ‘base’ types (i.e, other than the compound BA
type), we combined one-versus-all models by assigning
the neuron to the type with the most confident model,
that is, the one giving the highest probability to its
positive class.

Additional file 1 (Section 2) provides relevant details
about the methods used, including literature references,
precise definitions, the underlying rationale, descriptions
of the sampling procedure and F-measure computation, as
well as implementation details.

Table 2 Parameters for feature selection (KW and RF BVI),
sampling (SMOTE) and cross-validation (CV)

Method R Package Parameters Learner parameters
KW stats [38] a =005

adjust = FDR
RF BVI randomForest [/5] bvi > 0.01 T =20000,m = ﬁ
SMOTE  mlr [80] k=5
v mlr [80] r=10 k=10, for ChC k=7

FDR stands for false discovery rate; r is the number of CV repetitions; k the number
of folds. Learner parameters are the RF parameters used internally for RF BVI
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Fig. 4 Effects of under- and over-sampling the full dataset with the chosen rates. Each bar represents a one-versus-all classification task (e.g., the
leftmost bar is for ChC versus rest). ‘Positive’ denotes the examples of the class of interest (e.g., ChC in the leftmost bar), ‘Synthetic’ are the artificial
SMOTE examples of the positive class (i.e., the class of interest), while ‘Negative' are the kept examples of all remaining classes. The horizontal line
shows the size of the original data set (217 examples). For ChC (leftmost bar), for example, applying our sampling method to the full data set
containing seven ChC cells (red segment of the bar), would retain 105 (blue segment) out of 210 non-ChC cells and add 14 synthetic ChC cells
(green segment), yielding a data set of size 126 (hence the bar is lower than the horizontal line at 217). Except for BA, in all cases the class of interest

Results

We first show that some class labels differed from those
provided by the neuroscientists in [14] and illustrate
reconstruction issues that require care when choosing and
computing morphometrics. We then present the classi-
fication results and show that accurate models classified
MC cells in accordance with the independent classifica-
tion by the neuroscientists from [14]. Finally, we provide
quantitative descriptions of the types, in terms of only a
few morphometrics or parsimonious CART and logistic
regression models.

Validating class labels and morphology reconstructions
For eight out of 20 cells which were also classified by 42
neuroscientists in [14] our class label differed from that

given by the majority of the neuroscientists (see Table 3
and Fig. 5, left). There was no strong consensus on the
actual type for these cells among the neuroscientists,
although cells C050600B2, C091000D-13, and C170998D-
I3 were LBC, CB, and CB, respectively, according to at
least 19 of them. For 15—9 = 26% of the considered cells
no more than five neuroscientists agreed with our class
label'4, suggesting that there might have been many such
differing class labels had we been able to compare them
for the entire data set.

Interestingly, the interneurons could be separated into
two groups, one containing cells with their arbors recon-
structed at a finer level —with shorter and thinner
segments— than those of the other (see Fig. 5, right).
We thus avoided using morphometrics sensitive to such

Table 3 Disagreement with our class labels by 42 neuroscientists who participated in [14]

D Layer Cell type DF Agree AR cB ChC CR CcT HT LBC MC NGC oT UN
1 C040600B2 2/3 MC cT 0 3 9 0 0 15 2 5 0 0 5 3
2 C050600B82 2/3 MC LBC 1 0 5 0 0 10 1 20 1 0 2 3
3 C1506008-I1 2/3 MC cT 1 1 11 0 0 16 0 9 1 0 3 1
4 C091000D-13 5 ChC B 3 3 19 3 0 6 0 6 0 2 2 1
5 C260199A-13 4 MC ) 3 0 5 0 0 17 0 6 3 0 4 7
6 C170998D-13 2/3 NGC B 5 1 19 0 0 11 0 0 0 5 4 2
7 C070600B2 4 MC LBC 1 2 1 0 0 8 0 15 1 0 2 3
8 C090997A-12 4 MC cT 12 1 6 0 0 14 0 4 12 0 1 4

Cell type is the label in our data, given according to the classification scheme from [6] while DF (standing for DeFelipe) is the majority label chosen by the neuroscientists,
according to the scheme from [14]. Agree is the number of neuroscientists that coincided with our label, while columns to the right show the number of neuroscientists who
selected the corresponding DF label (all shown in boldface): AR - arcade; CB - common basket; CR - Cajal-Retzius; CT - common type; HT - horse-tail; OT - other; UN -
uncharacterized, meaning that the axonal morphology reconstruction was not sufficient to distinguish the type. The table shows eight out of the 20 interneurons which were
classified as ChC, MC, or NGC —the three types common to both classification schemes— in our data yet differently by the majority of neuroscientists (column DF); for the
remaining twelve interneurons, the neuroscientists’ majority label matched ours. Cell C040600B2, which was presented to the neuroscientists rotated upside-down, is

marked in blue. ID can be used to look the neuron up at Neuromorpho.org
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Fig. 5 Possible class label and reconstruction issues. Left panel: cells C050600B2 (left), C091000D-I3 (middle), and C150600B-I1 (right) from Table 3,
labelled as MC and ChC, respectively, yet only one, three, and one (out of 42) neuroscientists in [14], respectively, coincided with those labels,
assigning them instead to the LBC, CB, and CT types. Note that we did not know the location of soma inside their layers; for the MC cells, a soma
closer to L1 would mean more extensive axonal arborization in that layer. Axons are drawn in blue with dendrites and somata in red. Dashed green
lines indicate layer boundaries from the rat hind-limb somatosensory cortex; L6 is only partially shown. There are 100 um between consecutive grid
lines. Right panel: newer reconstructions, whose IDs do not begin with a C, had thinner and shorter segments

fine-grained properties (e.g., the number of segments per
branch). However, this difference may have distorted met-
rics such as tortuosity, since finer reconstructed branches
were more tortuous; see Section 3.1 in Additional file 1.
84 cells had at least one multifurcation (a branching point
splitting into three or more child branches; at most ten in
a single neuron) yet their effect was minimal as we ignored
these branching points when computing bifurcation mor-
phometrics, such as mean partition asymmetry or mean
bifurcation angle. Two cells seemed to be modified clones
of other cells; see Section 3.2 in Additional file 1 for
details. We only found two reconstruction anomalies: a
285 um long segment (whereas median length was 2 um),
and two axonal arbors that were extremely flat in the Z
dimension (less than 80 um deep while median depth
was 215 um; ratio of depth to axonal length was below
ﬁ while median ratio was 6%). We did not correct these
issues nor remove the corresponding neurons.

Classification

Table 4 shows the best F-measure results for the eight clas-
sification settings. The most accurately classified classes
were BA, MC, and NBC (shown in green), each with

an F-measure >0.80, while classifying ChC and BTC
cells was difficult (best F-measure 0.50 and 0.44, respec-
tively). The best model for MC performed better than
the average neuroscientist in [14] when identifying MC
cells, as their average F-measure was 0.721°. Accuracy
tended to increase with type frequency (F-measure gener-
ally increases towards the bottom rows of Table 4), with
the exceptions of LBC, which was the third hardest to clas-
sify despite being the second most numerous, and BTC,
which was the hardest type to classify yet only second least
numerous.

Sampling improved the performance of most classifiers,
although the largest increase in best F-measure was only
0.03, for the NBC type (see Table 4, row 18). Feature selec-
tion increased the best F-measure for BA, DBC, MC, and
especially for BTC and SBC (Table 4, rows 7 and 15).
RW BVI selected much smaller sets of morphometrics
(e.g., 7 for SBC; Table 4, row 15) than KW (up to 68,
for BA; Table 4, rows 31-32), allowing, for example, to
accurately classify NBC cells using just 9 morphometrics
(Table 4, row 19). Further feature pruning by the CART
and RMLR models after KW produced parsimonious and
accurate models, such as the RMLR model for MC (with
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Cell Type Classifier FSS Sampling F-measure TPR TNR Morphom.

1 ChC RMLR 0.40 2/7 2097210 1
2 RF Yes 049 28/7 208.5/210 103
3 GBM KW 0.50 3/7 208/210 15
4 RF KW Yes 046 3577 205.2/210 15
5 BTC NB 0.35 8/15 179/ 202 103
6 GBM Yes 0.36 58/15 191.2/202 23
7 LDA KW 0.44 6/15 196/ 202 7

8 LDA KW Yes 0.40 88/15 181.8/202 7

9 RMLR 0.70 15/22 189/195 17
10 RF Yes 0.70 14.6/22 189.8 /195 103
1M RF RF BVI 0.72 13/22 194/ 195 6
12 RF KW Yes 0.70 154722 188.2/195 61
13 CART 0.63 16/ 28 182/189 5
14 RF Yes 0.66 20.6/28 174.8/189 103
15 NNET RF BVI 0.74 21/28 181/189 7
16 RF RF BVI Yes 0.69 225/28 173.8/189 7
17 CART 0.73 32/44 161/173 4
18 RF Yes 0.81 36.2 /44 164 /173 103
19 GBM RF BVI 0.78 34/ 44 164/173 9
20 GBM RF BVI Yes 0.77 374/ 44 157 /173 9
21 SVM 0.77 37/50 158/ 167 103
22 RF Yes 0.81 40.2/50 1584 /167 103
23 RMLR KW 0.80 38/50 160/ 167 22
24 RF KW Yes 0.82 40.9/50 157.8/167 62
25 GBM 0.61 26/ 51 158/ 166 103
26 RF Yes 0.67 29.8/51 1574/ 166 103
27 GBM RF BVI 0.66 31/51 154/ 166 4
28 GBM RF BVI Yes 0.67 374/51 1422/ 166 4
29 RF 0.86 106/ 123 76/ 94 103
30 SVM Yes 0.86 1019/123 80.8/94 103
31 SVM KW 0.88 105/123 84/94 68
32 SYM KW Yes 0.88 104.2/123 84.2/94 68

The table shows, for each type, the best F-measure in all four learning settings: with and without sampling, and with and without feature selection. TPR: true positive rate;
TNR: true negative rate; the minority class is always the positive one, except for BA; Morphom.: the number of morphometrics in the model. Types are sorted from least to
most frequent (e.g., ChC, with only seven examples, is shown uppermost). The best F-measure for each type is typeset in bold. Types with their best F-measure >0.75 are

shown in green; those with an F-measure >0.60 in orange; and the rest in red

an F-measure of 0.80 and 22 morphometrics; Table 4,
row 23). See Additional file 1 (Figure S3 to Figure S10)
for detailed per-type graphs of classification performance,
broken down by classification, feature selection and sam-
pling method.

We achieved best multi-class classification when com-
bining one-versus-all RF models learned after KW feature
selection and sampling, with an accuracy of 0.74 (see
Figure S11 in Additional file 1 for all accuracies). This pro-
duced a notably higher per-class F-measure for LBC (0.75

versus 0.67 in Table 4), lower per-class F-measure for ChC
and SBC (0.22 and 0.67 versus 0.50 and 0.74 in Table 4,
respectively), and similar values for the remaining types
(see Table S9 in the Additional file 1 for the multi-class
confusion matrix).

Validating the MC models

We validated the two most accurate models for MC —RF
with sampling and RMLR, both preceded by KW feature
selection (see Table 4, rows 22—24)—, by comparing their
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output to the classification by the neuroscientists from
[14], which was not used to train the models.

As Table 5 shows, the models largely agreed with the
neuroscientists in [14]. Cells that were considered MC
by 13 or less neuroscientists (upper part of Table 5)
were also rarely classified as MC by our models, with
cells C050600B2, C260199A-13, and C230998C-14 never
labelled as MC by either model. Both models dis-
agreed with the neuroscientists on cells C040600B2 and
C090997A-12 —the former was, however, shown to the
neuroscientists rotated upside-down, which may account
for so few votes for MC— and RF disagreed on cell
C150600B-11, considering it MC 22 out of 30 times. On
the other hand, cells that were MC according to 14 or
more neuroscientists (lower part of Table 5) were always
classified as MC by the models, except for C061000A3,
which RMLR never classified as MC.

Figure 6 shows the four cells that were considered MC
at most six (out of 30) times by both RF and RMLR. These
include the cells C050600B2, C260199A-13, C230998C-14
(shown in red in Table 5), classified as MC by only one,
three, and 13 neuroscientists, respectively. These cells
may correspond to atypical MC morphologies.

Table 5 Classification of MC cells by the neuroscientists in [14]
and our two most accurate models, RF and RMLR

D Layer  RF RMLR  MC  Non-MC UN
1 C040600B2 L2/3 29 23 0 39 3
2 C050600B2 L2/3 0 0 1 38 3
3 C150600B-11 L2/3 22 1 1 40 1
4 C260199A-13 L4 0 0 3 32 7
5 C070600B2 L4 12 0 11 28 3
6 C090997A-12 L4 30 19 12 26 4
7 €230998C-14 L4 0 0 13 25 4
8 C190997A-11 L4 30 30 14 26 2
9 C2905008B-13 L2/3 30 30 18 20 4
10 C150501A-3 L5 30 30 22 6 14
11 C060400C1 L2/3 30 30 24 18 0
12 (C290500C-H14 L5 30 30 26 15 1
13 CO61000A3 L4 30 0 34 6 2
14 C100501A3 L2/3 30 30 36 3 3
15 CO50896A-I L5 30 30 37 4 1
16 C070301B2 L6 30 30 37 4 1
17 (C180298B-I13 L5 30 30 38 3 1

MC is the number of neuroscientists who classified the cell as MC, Non-MC the
number of those who assigned it to another type, and UN the number of those who
considered that the axonal morphology reconstruction was not sufficient to
distinguish the type. RF and RMLR show the number of times (out of 30) that RF and
RMLR classified the cell as MC. Cells that were never classified as MC by both models
are marked in red. Cell C040600B2, which was presented to the neuroscientists
rotated upside-down, is marked in blue. ID can be used to look the neuron up at
Neuromorpho.org
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Feature selection

For all types except for ChC and BTC, we achieved at least
moderately accurate (F-measure >0.65) models using few
morphometrics (see Table S5 in the Additional file 1).
Below we describe the BA, NBC, DBC, SBC, and SBC
types in terms of the morphometrics selected with RF
BVI, and the MC type in terms of those selected with KW
followed by CART and RMLR embedded feature selec-
tion (this yielded more accurate models for MC than RF
BVI). We also describe the BA and MC types in terms
of accurate (F-measure >0.75) and parsimonious CART
and logistic regression (RMLR) models. Finally, we com-
plement each type description with some of the best-
ranked morphometrics according to the KW test, and
conclude with a summary of feature selection. We begin
with the most accurately classified type, BA, and proceed
towards the least well discerned ones, ChC and BTC. See
Additional file 1 for the full list of KW- and RF BVI-
selected morphometrics (Tables S7 and S8, respectively),
along with the corresponding p-values and RF BVI values.

BA characteristics

Six axonal morphometrics selected by RF BVI (Fig. 7) suf-
ficed to accurately (with an F-measure of 0.86) distinguish
BA cells. These morphometrics captured two properties
only: remote branching angle and arborization distance
from soma. Indeed, BA cells had sharper remote bifurca-
tion angles and arborized closer to the soma, especially
in terms of vertical distance (Fig. 7). While LBC cells
can extend vertically far from the soma ([6, 16]; their
average height in our sample was 1020um =+ 327 um, ver-
sus 603 um £ 190 um for the NBC and SBC together),
it seems that most of their arbor is nonetheless located
near the soma, with radially distant ramifications being
rather sparse. The CART and RMLR models derived from
the six RF BVI-selected morphometrics were accurate (F-
measure of 0.85 and 0.83, respectively) and interpretable
(e.g., [19] used CART to relate mRNA expression to
neuro-anatomical type). The CART model, for example,
is a set of rules such as “all cells with path dist.avg<
414andy mean_abs < 133 are BA cells” The models are
presented in Fig. 8 and Table 6.

The KW test identified a further 63 morphometrics,
including 26 dendritic ones, that differed between the BA
and non-BA cells, yet using them barely improved the
F-measure achieved with the six RF BVI-selected mor-
phometrics alone (from 0.86 to 0.88). Interestingly, the
number of dendritic trees was among the most relevant
morphometrics, with BA cells having more dendritic trees
than non-BA ones (Fig. 7). Although some basket cells
have curved axon terminals [9], t.tortuosity.avg
was only 47-th most relevant morphometric according
to KW, suggesting that we may need a more appropriate
morphometric to capture the curved property of basket
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Fig. 6 MC cells that were classified as non-MC by the two most accurate models. Cells C050600B2, C260199A-13, and C230998C-14 were classified as
MC by only one, three, and 13 neuroscientists in [14], respectively. Cells C260199A-13 and C230998C-14 do not reach L1 unless their actual soma was
located near the top of L4, although tissue shrinkage may have reduced their height by around 10%. Axons are drawn in blue with dendrites and
somata in red. Dashed green lines indicate layer boundaries from the rat hind-limb somatosensory cortex. There are 100 m between consecutive

terminal branches. Axonal properties that did not differ
for BA cells included average branch length, arbor length
and initial direction (whether towards pia or the white
matter).

MC characteristics

The six morphometrics selected by CART (following KW
selection) allowed for classifying MC cells with an F-
measure of 0.75. According to this model, a typical MC
cell’s axon arborized far above the soma (y_mean), widely
in layer L1, and bifurcated in wide angles. The model is
described in Fig. 9. Using 22 morphometrics, including
seven dendritic ones, KW + RMLR was more accurate
(F-measure of 0.80) and uncovered additional MC proper-
ties, such as longer dendritic trees, displaced from axonal
arbors, which in turn were moderately radial (see Fig. 10).
This agrees with [6] and [57], who reported elaborate den-
drites, 1013 £503 pum axonal width in L1, and average
tilt angles of 80 degrees. It also contrasts with the above
description of BA cells, which arborized vertically close
to the soma, had shorter bifurcation angles, and many
dendritic trees. This is illustrated in Fig. 10, which plots
MA, BA and all other types using the two most useful
morphometrics for BA.

KW selected 40 additional morphometrics, including
17 dendritic ones, with the strongest difference for
path dist.avg and y mean (see Table S7 in
Additional file 1). MC cells often had bitufted dendrites
(also reported by [6]) and axons originating above
the soma.

NBC characteristics

Nine axonal morphometrics selected by RF BVI allowed
an accurate (F-measure 0.78) classification of NBC cells
(see Fig. 11). Six of these morphometrics were related to
arborization distance from soma; the rest to translaminar
reach, branch length, and arbor density.

KW identified a larger and more diverse set of 48 mor-
phometrics, including 21 dendritic ones, that differed
for NBC cells (see Table S6 in Additional file 1), yet
using all of them slightly decreased performance with
respect to using only the nine RF BVI-selected morpho-
metrics (F-Measure from 0.78 down to 0.75). In addi-
tion to arborization distance from soma and translami-
nar reach, relevant morphometrics included axonal ter-
minal degree, arbor eccentricity, partition asymmetry,
terminal branch length, and whether the dendrites
were bitufted.
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Fig. 7 Relevant morphometrics for the BA type. Top left: per-type boxplots for the six morphometrics selected with RF BVI (RF BVI values shown, in
blue, to the right). The most relevant morphometrics, mean arborization distance to soma (path_dist . avg), and mean remote bifurcation angle
(remote_bifurcation angle.avg), are shown in the upper part of the panel. Top right: a biplot of these six morphometrics, with the data
projected onto the two principal components, found with principal component analysis (vectors represent morphometrics and the angles between
them are indicative of their pairwise correlation). All morphometrics were correlated with either path_dist.avgor

remote bifurcation angle.avg. Bottom left: the ten most relevant morphometrics according to KW, after removing those with absolute
correlation >0.90 with a better ranked morphometric, with the KW p-values shown, in blue, to the right of the boxplot. These morphometrics
included those relative to arborization distance from soma (e.g, euclidean dist.avg, path dist.avg), remote bifurcation angles

(t.remote bifurcation angle.avg), the number of dendritic trees (d.N_stems), and axonal arborization along the radial direction
(ratio_y).In addition to having sharper bifurcation angles and arborizing closer to the soma, especially in the radial direction, BA cells had more
dendritic trees than non-BA cells

DBC, SBC and LBC characteristics BVI, all related to axonal arbor eccentricity, distribution
DBC cells were classified with moderate accuracy (F- along the Y axis, and width (see Fig. 12). While KW
measure 0.72) with the five morphometrics selected by RE  identified 61 significantly different morphometrics for
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Fig. 8 CART model (F-measure value of 0.85) for BA derived from the six morphometrics selected with RF BVI. Most of the BA cells (i.e., those
contained in the two rightmost tree leaves) have apath dist.avg < 414 and eithery mean_abs < 133 or

remote bifurcation angle.avg < 75° meaning that they arborize close to the soma, especially vertically, whereas if they do arborize
further vertically (as some LBC cells do), they have sharper bifurcation angles. Each box represents a split in the data set, indicating: (a) its majority
type (BA is the majority type overall and hence it is shown in the root node of the tree (i.e, the initial split)); (b) proportion of positive examples (BA
cells represent 57% of the data set and hence 0.57 in the root node; they present 95% of the samples in the rightmost node); and (c) the percentage
of the data set reaching the split (100% of the data passes through the root split; 44% of the data set reaches the rightmost node)

DBC —more than for SBC, NBC, and LBC, even though
these were more numerous than DBC— using all of those
morphometrics did not improve DBC classification (F-
measure dropped to 0.70). The most relevant ones were
related to the radial arborization of both the axon and the

Table 6 Logistic regression (F-measure of 0.83) model for BA
derived from the six morphometrics selected with RF BVI, with
the B estimated from the standardized data set, and BA being
the positive class

Morphometric B

remote bifurcation_angle.avg —2.1x 107!
euclidean dist.avg —12x 1072
y_mean_abs —33x 1073
path dist.sd —15x%x 1073
path dist.avg —20x 107

Interpretation is straightforward; for example, according to the model, a
7.33%increase in the average bifurcation angle of a cell reduce the log-odds of
BA by 0.21

dendrites (Fig. 12). Interestingly, KW selected more (26)
dendritic morphometrics for DBC than for any other type.
For SBC we achieved an 0.73 F-measure with the
seven RF BVI-selected morphometrics, related to mean
branch length, arbor density, and arborization distance
from soma (see Fig. 12). KW selected 39 morphometrics,
although using them did not improve with respect to using
RF BVI-selected ones alone (F-measure from 0.73 down to
0.67). Relevant morphometrics included y_sd, related to
radial arborization extent, and the maximal arborization
distance from the soma (euclidean dist.max).

LBC cells were classified with an F-measure of 0.66 with
the four morphometrics selected with RF BVI, related only
to remote bifurcation angles and arborization distance
from soma (see Fig. 12). According to KW, the remote
bifurcation angle was the most significant morphomet-
ric, with a p-value of 3.7 x 1078, followed by remote tilt
angle, median terminal branch length, grid area and
the number of dendrites (see Table S7 in Additional file 1).
KW identified only 32 relevant morphometrics for LBC,




Mihaljevi¢ et al. BMC Bioinformatics (2018) 19:511 Page 15 of 22

y_mean < 132

MC
0.61
31%

remote_bifurcation_angle.avg < 74

path_dist.max < 1829

MC Non-MC MC
0.83 0.00 0.75
3% 6% 25%
11_width < 0.27
Non-MC MC
0.00 0.85
3% 22%

d.terminal_degree.avg >= 2.1

Non-MC MC
0.50 0.95
5% 18%
ratio_y >= 4.8
Non-MC MC
0.20 0.80
2% 2%

Fig. 9 CART model for MC, with an F-measure value of 0.75. Most MC cells (rightmost leaf) have a y_mean >132 (their axons mainly arborize above
the soma), remote bifurcation angle.avg > 74° 11 width >0.27 and dendritic terminal degree < 2.1. Each box represents a split in
the data set, indicating: (a) its majority type (Non-MC is the majority type overall and hence it is shown in the root node of the tree (i.e, the initial
split), whereas MC is the majority type in the rightmost split); (b) the proportion of positive examples (MC cells represent 23% of the whole data set
and hence 0.23 in the root node; they present 95% of the samples in the rightmost node); and (c) the percentage of the data set reaching the split

(100% of the data passes through the root split; 18% of the data set reaches the rightmost node)

much less that for other numerous types; using all these
morphometrics reduced the best F-measure to 0.62.

BTC and ChC characteristics

For BTC, only seven morphometrics were relevant
according to KW, with dendritic polarity and the
standard deviation of branch length (length.sd),
among the most significant ones. For ChC, the rele-
vant properties according to KW included arbor density
(density bifs, grid mean), mean branch length,
the number of short vertical branches, and terminal
degree.

Summary

KW identified more relevant morphometrics for the more
numerous types, with the exceptions of LBC (second
most numerous, yet only sixth most features) and DBC
(sixth most numerous, yet third most features). Den-
dritic morphometrics represented 30-40% of the relevant
ones, except for ChC (a single dendritic morphometric
out of seven relevant ones; see Table S7 in Additional
file 1). 11 dendritic and four axonal morphometrics were

not relevant for any type, and are possibly useless for
interneuron classification: dendritic bifurcation angles,
tortuosity, and radial and tangential arbor distribution,
and axonal torque angle and tangential arbor distribution.
Dendritic tree length and d. displaced, however, were
relevant for six out of eight types. Custom-implemented
morphometrics represented between 47% and 72% of the
selected morphometrics. Only two custom-implemented
morphometrics (ratio_x and x_mean_abs) were not
useful for any type, while translaminar and y_ sd
were relevant for six types.

Discussion

We obtained accurate models for the NBC, MC, and BA
types and moderately accurate ones for DBC, SBC, and
LBC. The best MC model was better than the average neu-
roscientist in [14] and was outperformed by only three
out of 42 of them (see Section 6 in Additional file 1). The
best BA model was even more accurate, correctly identi-
fying 105 out of 123 BA cells (see Table 4). These models,
along with the model for NBC, would probably be useful
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for the definitive automatic classifier envisioned by [14] to
replace neuroscientists in this task. The remaining models
were probably not good enough: the next best model cor-
rectly identified only 20 out of 28 SBC cells (see Table 4).
The main limiting factor seems to have been sample size:
with the exception of LBC, more numerous types were
classified more accurately; indeed, we only had 28 SBC, 22
DBC, 15 BTC and seven ChC cells. Taking sample sizes
into account, moderate F-measure values suggest that the
DBC and SBC types are morphologically distinct and we
expect that around 50 cells (a count close to that of NBC
and MC cells) would suffice to accurately classify them.
The LBC type was relatively hard to classify. Either we
have missed to quantify its distinctive morphometrics —
there were less relevant morphometrics for LBC than for
other numerous types— or its morphology is not suffi-
ciently distinct when contrasted to the other types merged
together. Distinguishing across layers (e.g., L2/3 LBC, L4
LBC, etc.) might decompose it into morphologically dis-
tinct subtypes.

One explanation for the differences between our class
labels and the classification from [14] shown in Table 3 is
that ours were ultimately determined by the presence of
spiny boutons and dendritic spines (MC), short vertical
rows of boutons (ChC), or a high density of small boutons
(NGCQ). Indeed, for [57] spiny boutons, along with axonal
spread in L1, are an essential (mandatory) characteristic of

MC cells. Yet, ChC, MC and, to a lesser degree, NGC mor-
phologies are often identifiable by axonal and dendritic
geometry alone [14] suggesting that their arborization
patterns are distinct. Thus, while cells in Table 3 might
be meeting fine-grained criteria for MC, ChC, and NGC
membership, their high-level morphologies are atypical,
as most of the 42 neuroscientists considered that they
did not belong to those types. It is hard for a model to
correctly classify such cells, unless some morphometrics
are correlated with the fine-grained features. Thus, there
might be a limit to how well the classification by [6] could
be replicated by a model trained on morphological recon-
structions. However, even when the MC models failed to
recover the class label, their output may have been sensi-
ble, as it was often consistent with the classification by the
42 neuroscientists (see Table 3). MC cells classified as not
MC by accurate models might thus correspond to atypical
MC morphologies.

An alternative, but less likely, explanation for the differ-
ence is that some class labels had been wrongly assigned,
without following the pre-specified criteria. In that case,
wrong labels would have biased the models as well as their
performance estimates [65]. Instead of assuming that all
class labels are correct, as we did, they can be estimated
together with classifier learning (Frénay and Verleysen,
2014), although this makes the learning problem more
difficult.
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Additional morphometrics might further improve the
results. We consider that quantifying Petilla features
related to arborization patterns would be useful, espe-
cially for scarce types such as ChC. Some of our custom-
implemented morphometrics may have been too simple
(e.g., only branches extending no more than 50 um ver-
tically were considered short and vertical) to adequately
capture the complexity of these features, and could be
elaborated. Type-specific morphometrics, such as the
extent of axonal arborization in layer L1 for MC cells,
incorporated prior knowledge about the types into the
models. Note that such underlying knowledge may be dis-
puted: e.g., [14] do not require an MC cell to reach layer
L1, while [57] consider it an essential, mandatory feature,
as do [13], except for L6 MC cells. It would be interest-
ing to study the robustness of standard morphometrics to
reconstruction issues such as inconsistent branch granu-
larity and then develop robust alternatives. For example,
t.tortuosity.avg might have better captured the
‘curved terminal branches’ feature of the BA type had
some cells’ branches not been reconstructed in finer detail
than those of others, thus increasing their tortuosity (see
Section 3.1 in Additional file 1). While at least 21 anal-
yses available in L-Measure would have not been robust

to reconstruction granularity inconsistency in this data
set, they are nonetheless used for neuron classification
(e.g., [66],). Thus, a software tool that implements robust
morphometrics could be useful for practitioners.

The small feature subsets and parsimonious models
that allowed (moderately) accurate classification serve
as summaries of the types’ morphological characteris-
tics. Most types can be summarized in terms of sim-
ple morphometrics, related to arborization distribution
with respect to the soma (e.g., path_dist.avg), its
vertical direction (e.g., y_std_mean), branching angles
(remote bifurcation angle.avg), or the number
of dendrites (d.N_stems), and a few elaborate ones, such
as the arborization extent in L1 (11_width).

We have presented eight separate type-specific mod-
els and combined them to classify a given interneuron by
choosing the type with the most confident one-versus-all
model. An alternative is to learn a hierarchy of classi-
fiers by grouping types into ‘super types’ such as BA: one
would first classify a cell as BA or non-BA and then, if
classified as BA, distinguish among LBC, NBC, and SBC
types, and among the remaining types otherwise. Rather
than learning the hierarchy from data, one might prede-
fine it; useful ‘super-types’ could be formed, for example,
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by grouping according to axonal target area — a dendrite- Note that we have learned the models from juvenile
targeting type would be composed of BP, BTC, DBC and  rat somatosensory cortex interneurons and these mod-
NGC cells [6]. els might be less effective if applied to classify other
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species’ or brain area cells, especially because met-
ric variables, such as those related to distances from
the soma and arbor size, are affected by these fac-
tors. Doing so would also require appropriate lami-
nar thickness metadata in order to quantify laminar
extent. The presented supervised classification approach
could easily be extended to allow the discovery of new
types: since models such as logistic regression can quan-
tify the confidence in their prediction, one could con-
sider discovering types by clustering [67] cells that the
model cannot reliably assign to any of the a priori
known types.

Conclusion

We used 217 high-quality morphology reconstructions of
rat interneurons to learn models for eight interneuron
types. We have proposed and implemented morphomet-
rics that quantify relevant interneuron properties such
as laminar distribution and arbor extent in L1, dendritic
polarity, arbor orientation, and whether or not the den-
drites are displaced from the axon. We carefully selected
standard metric and topological morphometrics, omitting
those that are not robust to reconstruction granularity. We
applied well-known classification algorithms and learned
accurate (F-measure values above 0.80), competitive with
neuroscientists, models for the BA, MC, and NBC types,
and moderately accurate (F-measure above 0.70) models
for the DBC and SBC types, although we had less than 30
cells of the latter two types. We characterized the types
in terms of parsimonious CART (for BA and MC) and
logistic regression (for BA) models that can be interpreted
by neuroscientists, and in terms of small sets of relevant
morphometrics: no more than nine morphometrics suf-
ficed for an at least moderately accurate classification of
the DBC, SBC, NBC, MC and BA types. The most rele-
vant morphometrics were related to axonal arborization
distance from the soma and bifurcation angles while most
dendritic morphometrics were not relevant. Differences
between our class labels and those by 42 leading neuro-
scientists from [14] suggest that it might be difficult to
perfectly replicate the classification by [6] without access
to fine-grained morphological features. However, even
when failing to recover the original label, the models’ out-
put seemed sensible as it often matched the classification
by 42 leading neuroscientists. We computed all the mor-
phometrics with open-source software and our code and
data are publicly available. This study showed that with
quality reconstructions, a careful selection of morphomet-
rics and an informed machine learning approach, accurate
models can be learned from relatively few examples. We
speculate that 50 cells could suffice for learning accurate
models for the DBC and SBC types. This study also illus-
trated minor reconstruction issues present in a curated set
of high-quality morphologies.
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Achieving accurate automatic classification for all
established morphological types will require more
labeled interneurons to train the models with, espe-
cially for scarce types such as ChC. In the short term,
this may require leveraging the reconstructions from
Neuromorpho.org. Automated checks of morphology,
such as those performed by NeuroSTR (e.g., whether a
bifurcation angle is too wide to be plausible), could help
filter useful reconstructions, while developing morpho-
metrics robust to different types of variability (e.g., in
reconstruction granularity) might facilitate combining
diverse data. Aggregating cells labeled in different lab-
oratories could be problematic if these class labels have
been assigned following different criteria, and the labels
might need to be validated by multiple neuroscientists.
Classification criteria that give importance to fine-grained
morphological features, such as bouton distribution,
would imply a limit to attainable classification accuracy,
unless we can discover morphometric correlates of such
features. Finally, morphometrics that quantify complex
arborization patterns could be especially useful for the
less numerous types. In the long run, we expect efforts
by the Human Brain Project, the Allen Institute for
Brain Research, and NeuroMorpho.Org to provide many
high-quality morphologies. Given such data, we consider
that the methodology presented in this article can pro-
vide an accurate automatic classification into established
morphological types.

Endnotes

Lhttp://celltypes.brain-map.org/

2While [6] describe nine interneuron types in 1L2/3 to
L6, we lacked enough bipolar and neurogliaform cells to
learn classifiers for them. We also grouped small, nest,
and large basket cells into a separate, basket type.

3NeuroSTR is an open source library developed in
our research group in the context of the Human Brain
Project [68]. Its online repository is at https://github.com/
ComputationallntelligenceGroup/neurostr.

“We restricted this analysis to the MC type as only for
MC we could compare it to an independent classification
by neuroscientists in [14].

>Online repository at https://github.com/Computatio-
nallntelligenceGroup/bbp-interneurons-classify.

6We used Table 1 in [13] to map between the two
schemes. While the LBC was also common to the two
schemes, Table 1 in [13] maps it to the common basket
type in [14].

"The online repository: https://github.com/BlueBrain/
NeuroM.


http://celltypes.brain-map.org/
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https://github.com/ComputationalIntelligenceGroup/neurostr
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https://github.com/BlueBrain/NeuroM
https://github.com/BlueBrain/NeuroM
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8113] used 1009 digitally reconstructed cells; the 228
cells that we use are the interneurons that they classified
on the basis of morphological parameters, as shown in
Additional file 1: Figure S2 of that paper.

?One of these 20 cells, C040600B2, was shown to the
neuroscientists rotated upside-down, which may have
affected how they classified it.

19%We found that in the study by [14], the shortest
axon which allowed at least half of the 42 neuroscientists
involved to characterize an interneuron (i.e., to consider
that the neuron can be classified) was 2805 wm, with the
next shortest being 3197 um.

11\We considered all 228 cells when contrasting our class
labels to those from [14].

12In our binary classification settings the Kruskal-Wallis
test corresponds to its special case for two samples, the
Wilcoxon—Mann—Whitney test [69, 70]. We keep the
term Kruskal-Wallis as that is the implementation that we
used (R function kruskal .test).

13The F-measure is the harmonic mean of precision and
recall of a single class. In the ChC versus non-ChC setting,
for example, these correspond to the percentage of cells
classified as ChC which truly are ChC (precision), and
the percentage of ChC cells correctly identified as ChC
(recall). See Section 2.8 in Additional file 1 for details.

14VWe are ignoring cell C040600B2, which was shown to
the neuroscientists rotated upside-down (this may have
affected how they classified it), hence five out of 19 and
not six out of 20.

15 This value was not reported in [14]; instead we com-
puted it from data from that study, taking into account
only cells that could be clearly classified into a type. See
Section 6 in Additional file 1 for details.

Additional file

Additional file 1: Towards a supervised classification of neocortical
interneuron morphologies. (PDF 1906 kb)

Abbreviations

ADA: AdaBoost; AR: Arcade; BA: Basket; BTC: Bitufted; CART: Classification and
regression trees; CB: Common basket; ChC: Chandelier; CR: Cajal-Retzius; CT:
Common type; CV: Cross-validation; DBC: Double bouquet; HT: Horse-tail; kNN:
k: nearest neighbors; KW: Kruskal-Wallis; LBC: Large basket; LDA: Linear
discriminant analysis; MC: Martinotti; NB: Gaussian naive Bayes; NBC: Nest
basket; NNET: Single-layer neural network; OT: Other; RBF: Radial basis function;
RF: Random forest; RF BVI: random forest balanced variable importance; RMLR:
Lasso regularized logistic regression; SBC: Small basket; SMOTE: Synthetic
minority over-sampling technique; SYM: Support vector machine; UN:
Uncharacterized

Page 20 of 22

Acknowledgements
BM thanks Lida Kanari for useful comments and assistance with the data set.

Funding

This project has received funding from the European Union’s Horizon 2020
Framework Programme for Research and Innovation under Specific Grant
Agreement No. 785907 (HBP SGA2), the Spanish Ministry of Economy and
Competitiveness through the Cajal Blue Brain (C080020-09; the Spanish
partner of the EPFL Blue Brain initiative) and TIN2016-79684-P projects, from
the Regional Government of Madrid through the
$2013/ICE-2845-CASI-CAM-CM project, and from Fundacion BBVA grants to
Scientific Research Teams in Big Data 2016. This work was initiated during a
stay of BM with the research group of SH at the Ecole Polytechnique Fédérale
de Lausanne, funded by a UPM grant for short research stays. The funding
bodies played no role in the design of the study and collection, analysis, and
interpretation of data and in writing the manuscript.

Availability of data and material
The data and data analysis code are available at a Github repository https://
github.com/ComputationalintelligenceGroup/bbp-interneurons-classify.

Authors’ contributions

Conceived the study: BM, CB, PL. Designed the study: BM. Analyzed the data:
BM. Wrote the paper: BM. Contributed to and edited content: CB, PL, JDF, RBP,
SH. All authors read and approved the manuscript.

Ethics approval and consent to participate
Not applicable

Consent for publication
Not applicable

Competing interests
The authors declare that they have no competing interests.

Publisher’s Note
Springer Nature remains neutral with regard to jurisdictional claims in
published maps and institutional affiliations.

Author details

L Departamento de Inteligencia Artificial, Universidad Politécnica de Madrid,
28660 Boadilla del Monte, Spain. 2Laboratorio Cajal de Circuitos Corticales,
Universidad Politécnica de Madrid and Instituto Cajal (CSIC), 28223 Pozuelo de
Alarcén, Spain. >Krembil Centre for Neuroinformatics, Centre for Addiction and
Mental Health, M5T 1R8 Toronto, Canada. “Blue Brain Project, Ecole
Polytechnique Fédérale de Lausanne, CH-1202 Geneve, Switzerland.

Received: 23 January 2018 Accepted: 6 November 2018
Published online: 17 December 2018

References

1. Fairen A, DeFelipe J, Regidor J. Nonpyramidal neurons: General account.
Cereb Cortex. 1984;1:201-53.

2. Peters A, Jones EG. Cerebral Cortex: Volume 1: Cellular Components of
the Cerebral Cortex. New York: Plenum Press; 1984.

3. White E. Cortical Circuits: Synaptic Organization of the Cerebral Cortex
Structure, Function, and Theory. Boston: Birkhduser; 1989.

4. DeFelipe J. Neocortical neuronal diversity: Chemical heterogeneity
revealed by colocalization studies of classic neurotransmitters,
neuropeptides, calcium-binding proteins, and cell surface molecules.
Cereb Cortex. 1993;3(4):273-89.

5. KawaguchiY, Kubota Y. GABAergic cell subtypes and their synaptic
connections in rat frontal cortex. Cereb Cortex. 1997;7(6):476-86.

6. Markram H, Toledo-Rodriguez M, Wang Y, Gupta A, Silberberg G, Wu C.
Interneurons of the neocortical inhibitory system. Nat Rev Neurosci.
2004,5(10):793-807.

7. Jiang X, Shen'S, Cadwell CR, Berens P, SinzF, Ecker AS, Patel S, Tolias
AS. Principles of connectivity among morphologically defined cell types
in adult neocortex. Science. 2015;350(6264):9462.


https://doi.org/10.1186/s12859-018-2470-1
https://github.com/ComputationalIntelligenceGroup/bbp-interneurons-classify
https://github.com/ComputationalIntelligenceGroup/bbp-interneurons-classify

Mihaljevi¢ et al. BMC Bioinformatics

20.

21.

22.

23.
24.
25.
26.

27.

28.

29.

30.

(2018) 19:511

Tremblay R, Lee S, Rudy B. GABAergic interneurons in the neocortex:
From cellular properties to circuits. Neuron. 2016;91(2):260-92.

Ascoli GA, Alonso-Nanclares L, Anderson SA, Barrionuevo G,
Benavides-Piccione R, Burkhalter A, Buzsaki G, Cauli B, DeFelipe J, Fairén
A, et al. Petilla terminology: Nomenclature of features of GABAergic
interneurons of the cerebral cortex. Nat Rev Neurosci. 2008;9(7):

557-68.

Zeng H, Sanes JR. Neuronal cell-type classification: Challenges,
opportunities and the path forward. Nat Rev Neurosci. 2017;18(9):
530-46.

. Tasic B, Menon 'V, Nguyen TN, Kim TK, Jarsky T, Yao Z, LeviB, Gray LT,

Sorensen SA, Dolbeare T, et al. Adult mouse cortical cell taxonomy
revealed by single cell transcriptomics. Nat Neurosci. 2016;19(2):335-46.
Cauli B, Audinat E, Lambolez B, Angulo MC, Ropert N, Tsuzuki K, Hestrin
S, Rossier J. Molecular and physiological diversity of cortical
nonpyramidal cells. J Neurosci. 1997;17(10):3894-906.

Markram H, Muller E, Ramaswamy S, Reimann MW, Abdellah M,
Sanchez CA, Ailamaki A, Alonso-Nanclares L, Antille N, Arsever S, et al.
Reconstruction and simulation of neocortical microcircuitry. Cell.
2015;163(2):456-92.

DeFelipe J, Lopez-Cruz PL, Benavides-Piccione R, Bielza C, Larrafiaga P,
Anderson S, Burkhalter A, Cauli B, Fairén A, Feldmeyer D, Fishell G,
Fitzpatrick D, Freund TF, Gonzalez-Burgos G, Hestrin S, Hill S, Hof PR,
Huang J, Jones EG, KawaguchiY, Kisvarday Z, Kubota Y, Lewis DA,
Marin O, Markram H, McBain CJ, Meyer HS, Monyer H, Nelson SB,
Rockland K, Rossier J, Rubenstein JLR, Rudy B, Scanziani M, Shepherd
GM, Sherwood CC, Staiger JF, Tamés G, Thomson A, Wang Y, Yuste R,
Ascoli GA. New insights into the classification and nomenclature of
cortical GABAergic interneurons. Nat Rev Neurosci. 2013;14(3):202-16.
Feldmeyer D, Qi G, Emmenegger V, Staiger JF. Inhibitory interneurons
and their circuit motifs in the many layers of the barrel cortex.
Neuroscience. 2018;368(Supplement C):132-51. https://doi.org/10.1016/j.
neuroscience.2017.05.027.

Wang Y, Gupta A, Toledo-Rodriguez M, Wu CZ, Markram H. Anatomical,
physiological, molecular and circuit properties of nest basket cells in the
developing somatosensory cortex. Cereb Cortex. 2002;12(4):395-410.
Armanfanzas R, Ascoli GA. Towards the automatic classification of
neurons. Trends Neurosci. 2015;38(5):307-18.

Breiman L, Friedman J, Stone CJ, Olshen RA. Classification and
Regression Trees. New York: Wadsworth; 1984.

Toledo-Rodriguez M, Goodman P, lllic M, Wu C, Markram H.
Neuropeptide and calcium-binding protein gene expression profiles
predict neuronal anatomical type in the juvenile rat. J Physiol.
2005;567(2):401-13.

Murphy KP. Machine Learning: A Probabilistic Perspective. Cambridge:
The MIT Press; 2012, p. 914.

Hastie TJ, Tibshirani RJ, Friedman JH. The Elements of Statistical Learning:
Data Mining, Inference, and Prediction. Springer Series in Statistics. New
York: Springer; 2009. http://opac.inria.fr/record=b1127878.

Guerra L, McGarry LM, RoblesV, Bielza C, Larrafiaga P, Yuste R.
Comparison between supervised and unsupervised classifications of
neuronal cell types: A case study. Dev Neurobiol. 2011;71(1):71-82.
Parekh R, Ascoli GA. Neuronal morphology goes digital: A research hub
for cellular and system neuroscience. Neuron. 2013;77(6):1017-38.

Ascoli GA. Mobilizing the base of neuroscience data: The case of neuronal
morphologies. Nat Rev Neurosci. 2006;7(4):318-24.

Ascoli GA, Donohue DE, Halavi M. Neuromorpho.org: A central resource
for neuronal morphologies. J Neurosci. 2007,27(35):9247-51.

Ascoli GA, Maraver P, Nanda S, Polavaram S, Armananzas R. Win-win
data sharing in neuroscience. Nat Methods. 2017;14(2):112-6.

Scorcioni R, Lazarewicz MT, Ascoli GA. Quantitative morphometry of
hippocampal pyramidal cells: Differences between anatomical classes
and reconstructing laboratories. J Comp Neurol. 2004;473(2):177-93.
Polavaram S, Gillette TA, Parekh R, Ascoli GA. Statistical analysis and data
mining of digital reconstructions of dendritic morphologies. Front
Neuroanat. 2014;8:138.

Peng H, Hawrylycz M, Roskams J, Hill S, Spruston N, Meijering E, Ascoli
GA. BigNeuron: Large-scale 3D neuron reconstruction from optical
microscopy images. Neuron. 2015;87(2):252-6.

Uylings HB, Van Pelt J. Measures for quantifying dendritic arborizations.
Netw Comput Neural Syst. 2002;13(3):397-414.

31

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

42.

43.

44,

45.

46.

47.

48.

49.

50.

51.

52.

53.

54.

55.

56.

Page 21 of 22

Kong J-H, Fish DR, Rockhill RL, Masland RH. Diversity of ganglion cells in
the mouse retina: Unsupervised morphological classification and its
limits. J Comp Neurol. 2005;489(3):293-310.

Scorcioni R, Polavaram S, Ascoli GA. L-Measure: A web-accessible tool for
the analysis, comparison and search of digital reconstructions of neuronal
morphologies. Nat Protoc. 2008;3(5):866-76.

Helmstaedter M, Sakmann B, Feldmeyer D. The relation between
dendritic geometry, electrical excitability, and axonal projections of L2/3
interneurons in rat barrel cortex. Cereb Cortex. 2009;19(4):938-50.
Helmstaedter M, Sakmann B, Feldmeyer D. Neuronal correlates of local,
lateral, and translaminar inhibition with reference to cortical columns.
Cereb Cortex. 2009;19(4):926-37.

Dumitriu D, Cossart R, Huang J, Yuste R. Correlation between axonal
morphologies and synaptic input kinetics of interneurons from mouse
visual cortex. Cereb Cortex. 2007;17(1):81-91.

Ramaswamy S, Courcol J-D, Abdellah M, Adaszewski SR, Antille N,
Arsever S, Atenekeng G, Bilgili A, Brukau Y, Chalimourda A, Chindemi G,
Delalondre F, Dumusc R, EilemannS, Gevaert ME, Gleeson P, Graham
JW, Hernando JB, KanariL, Katkov Y, Keller D, King JG, Ranjan R,
Reimann MW, Rossert C, ShiY, Shillcock JC, Telefont M, Van Geit W,
Villafranca Diaz J, Walker R, Wang Y, Zaninetta SM, DeFelipe J, Hill SL,
Muller J, Segev |, Schirmann F, Muller EB, Markram H. The neocortical
microcircuit collaboration portal: A resource for rat somatosensory cortex.
Front Neural Circ. 2015;9:44. https://doi.org/10.3389/fncir.2015.00044.
Rifkin R, Klautau A. In defense of one-vs-all classification. J Mach Learn
Res. 2004;5:101-41.

R Core Team. R: A Language and Environment for Statistical Computing.
Vienna: R Foundation for Statistical Computing; 2016. R Foundation for
Statistical Computing. https://www.R-project.org/.

Breiman L. Random forests. Mach Learn. 2001;45(1):5-32.

Tibshirani R. Regression shrinkage and selection via the lasso. J R Stat Soc
Ser B Methodol. 1996;58(1):267-88.

Guyon |, Gunn'S, Nikravesh M, Zadeh L. Feature Extraction: Foundations
and Applications. Berlin: Springer; 2006.

Saeys Y, Inzal, Larrafaga P. A review of feature selection techniques in
bioinformatics. Bioinformatics. 2007;23(19):2507-17.

He H, Garcia EA. Learning from imbalanced data. IEEE Trans Know! Data
Eng. 2009;21(9):1263-84.

Chawla NV, Japkowicz N, Kotcz A. Editorial: Special issue on learning
from imbalanced data sets. ACM SIGKDD Explor Newsl. 2004;6(1):1-6.
Brodley CE, Friedl MA. Identifying mislabeled training data. J Artif Intell
Res. 1999;11:131-67.

Ince DC, Hatton L, Graham-Cumming J. The case for open computer
programs. Nature. 2012;482(7386):485.

Leitner F, Bielza C, Hill SL, Larrafaga P. Data publications correlate with
citation impact. Front Neurosci. 2016;10:419.

Lowndes JSS, Best BD, Scarborough C, Afflerbach JC, Frazier MR, O'Hara
CC, Jiang N, Halpern BS. Our path to better science in less time using
open data science tools. Nat Ecol Evol. 2017;1:160.

Yuste R. Origin and classification of neocortical interneurons. Neuron.
2005;48(4):524-7.

DeFelipe J. Cortical interneurons: From Cajal to 2001. Prog Brain Res.
2002;136:215-38.

Somogyi P, Tamés G, Lujan R, Buhl EH. Salient features of synaptic
organisation in the cerebral cortex. Brain Res Rev. 1998;26(2):113-35.
Cannon RC, Turner DA, Pyapali GK, Wheal HV. An on-line archive of
reconstructed hippocampal neurons. J Neurosci Methods. 1998;84(1-2):
49-54. https://doi.org/10.1016/50165-0270(98)00091-0.

Jaeger D. Accurate reconstruction of neuronal morphology. In: Schutter
ED, editor. Computational Neuroscience: Realistic Modeling for
Experimentalists. Boca Raton: CRC Press; 2010. p. 159-78.

Van Pelt J, Uylings HB, Verwer RW, Pentney RJ, Woldenberg MJ. Tree
asymmetry: A sensitive and practical measure for binary topological trees.
Bull Math Biol. 1992;54(5):759-84.

Verwer RWH, Van Pelt J. Analysis of binary trees when occasional
multifurcations can be considered as aggregates of bifurcations. Bull
Math Biol. 1990;52(5):629-41. https://doi.org/10.1007/BF02462102.
Mihaljevi¢ B, Bielza C, Benavides-Piccione R, DeFelipe J, Larrafaga P.
Multi-dimensional classification of GABAergic interneurons with
Bayesian network-modeled label uncertainty. Front Comput Neurosci.
2014;8:150.


https://doi.org/10.1016/j.neuroscience.2017.05.027
https://doi.org/10.1016/j.neuroscience.2017.05.027
http://opac.inria.fr/record=b1127878
https://doi.org/10.3389/fncir.2015.00044
https://www.R-project.org/
https://doi.org/10.1016/S0165-0270(98)00091-0
https://doi.org/10.1007/BF02462102

Mihaljevic et al. BMC Bioinformatics

57.

58.

59.

60.

61.
62.

63.

64.

65.

66.

67.

68.
69.

70.

71

72.

73.

74.

75.
76.
77.
78.

79.

80.

(2018) 19:511

Wang Y, Toledo-Rodriguez M, Gupta A, Wu C, Silberberg G, Luo J,
Markram H. Anatomical, physiological and molecular properties of
Martinotti cells in the somatosensory cortex of the juvenile rat. J Physiol.
2004;561(1):65-90.

Yelnik J, Percheron G, Francois C, Burnod Y. Principal component
analysis: A suitable method for the 3-dimensional study of the shape,
dimensions and orientation of dendritic arborizations. J Neurosci
Methods. 1983;9(2):115-25.

Panico J, Sterling P. Retinal neurons and vessels are not fractal but
space-filling. J Comp Neurol. 1995;361(3):479-90.

Ferndndez-Delgado M, Cernadas E, Barro S, Amorim D. Do we need
hundreds of classifiers to solve real world classification problems?. J Mach
Learn Res. 2014;15(1):3133-81.

Estabrooks A, Jo T, Japkowicz N. A multiple resampling method for
learning from imbalanced data sets. Comput Intell. 2004;20(1):18-36.
Kruskal WH, Wallis WA. Use of ranks in one-criterion variance analysis. J
Am Stat Assoc. 1952;47(260):583-621.

Wasikowski M, Chen X-w. Combating the small sample class imbalance
problem using feature selection. IEEE Trans Know! Data Eng. 2010;22(10):
1388-400.

Baeza-Yates RA, Ribeiro-Neto B. Modern Information Retrieval. Boston:
Addison-Wesley Longman Publishing Co., Inc.; 1999.

Lam CP, Stork DG. Evaluating classifiers by means of test data with noisy
labels. In: Proceedings of the 18th International Joint Conference on
Artificial Intelligence. IJCAI'03. San Francisco: Morgan Kaufmann Publishers
Inc,; 2003. p.513-8. http://dl.acm.org/citation.cfm?id=1630659.1630735.
Vasques X, Vanel L, Villette G, Cif L. Morphological neuron classification
using machine learning. Front Neuroanat. 2016;10:102. https://doi.org/10.
3389/fnana.2016.00102.

Jain AK. Data clustering: 50 years beyond k-means. Pattern Recogn Lett.
2010;31(8):651-66.

Markram H. The Human Brain Project. Sci Am. 2012;306(6):50-5.
Wilcoxon F. Individual comparisons by ranking methods. Biom Bull.
1945;1(6):80-3.

Mann HB, Whitney DR. On a test of whether one of two random variables
is stochastically larger than the other. Ann Math Stat. 1947;18(1):50-60.
Therneau T, Atkinson B, Ripley B. Rpart: Recursive Partitioning and
Regression Trees. 2015. R package version 4.1-10. https://CRAN.R-project.
org/package=rpart.

Hechenbichler K, Schliep K. Weighted k-nearest-neighbor techniques
and ordinal classification, Technical Report Discussion paper 399, SFB 386,
Ludwig-Maximilians University, Munich. 2004. http://www.stat.uni-
muenchen.de/sfb386/papers/dsp/paper399.ps.

Venables WN, Ripley BD. Modern Applied Statistics with S. New York:
Springer; 2002. http://www.stats.ox.ac.uk/pub/MASS4.

Meyer D, Dimitriadou E, Hornik K, Weingessel A, Leisch F. E1071: Misc
Functions of the Department of Statistics, Probability Theory Group
(Formerly: E1071), TU Wien. 2015. R package version 1.6-7. https://CRAN.
R-project.org/package=e1071.

Liaw A, Wiener M. Classification and regression by randomForest. R News.
2002;2(3):18-22.

Friedman J, Hastie T, Tibshirani R. Regularization paths for generalized
linear models via coordinate descent. J Stat Softw. 2010;33(1):1-22.
Chang C-C, Lin C-J. LIBSVM: A library for support vector machines. ACM
Trans Intell Syst Technol. 2011;2(3):27.

Gunther F, Fritsch S. neuralnet: Training of neural networks. R Journal.
2010;2(1):30-8.

Greenwell B, Boehmke B, Cunningham J, Developers G. gbm:
Generalized Boosted Regression Models. 2018. R package version 2.1.4.
https://CRAN.R-project.org/package=gbm.

Bischl B, Lang M, Richter J, Bossek J, JudtL, KuehnT, StuderusE,
Kotthoff L. MIr: Machine Learning in R. 2015. R package version 2.4. http://
CRAN.R-project.org/package=mlr.

Page 22 of 22

Ready to submit your research? Choose BMC and benefit from:

o fast, convenient online submission

o thorough peer review by experienced researchers in your field

® rapid publication on acceptance

o support for research data, including large and complex data types

e gold Open Access which fosters wider collaboration and increased citations
e maximum visibility for your research: over 100M website views per year

K BMC

At BMC, research is always in progress.

Learn more biomedcentral.com/submissions


http://dl.acm.org/citation.cfm?id=1630659.1630735
https://doi.org/10.3389/fnana.2016.00102
https://doi.org/10.3389/fnana.2016.00102
https://CRAN.R-project.org/package=rpart
https://CRAN.R-project.org/package=rpart
http://www.stat.uni-muenchen.de/sfb386/papers/dsp/paper399.ps
http://www.stat.uni-muenchen.de/sfb386/papers/dsp/paper399.ps
http://www.stats.ox.ac.uk/pub/MASS4
https://CRAN.R-project.org/package=e1071
https://CRAN.R-project.org/package=e1071
https://CRAN.R-project.org/package=gbm
http://CRAN.R-project.org/package=mlr
http://CRAN.R-project.org/package=mlr

	Abstract
	Background
	Results
	Conclusion
	Keywords

	Background
	Morphological classification
	Digital reconstructions
	Morphometrics

	Method
	Data
	Morphometrics
	Supervised classification

	Results
	Validating class labels and morphology reconstructions
	Classification
	Validating the MC models
	Feature selection
	BA characteristics
	MC characteristics
	NBC characteristics
	DBC, SBC and LBC characteristics
	BTC and ChC characteristics
	Summary


	Discussion
	Conclusion
	Additional file
	Additional file 1

	Abbreviations
	Acknowledgements
	Funding
	Availability of data and material
	Authors' contributions
	Ethics approval and consent to participate
	Consent for publication
	Competing interests
	Publisher's Note
	Author details
	References

