


(Ascoli et al. 2008) provided a stepping stone towards a 
future classification by standardizing the nomenclature of 
features that distinguish types of GABAergic intemeurons. 
However, the morphological, physiological, and molecu­
lar classification schemes derived from the terminology are 
incomplete on their own while their comprehensive com-
bination is difficult to realize in practice (DeFelipe et al. 
2013). 

Thus, as a pragmatic alternative, DeFelipe et al. (2013) 
proposed a taxonomy based mainly on patterns of axonal 
arborization. It involves characterizing intemeurons accord-
ing to five axonal arborization features, such as the distri-
bution of the arbor with respect to the soma's layer, as well 
as classifying them into a set of predefined types, most of 
which are established in the literature. The authors sought 
community-wide consensus on the taxonomy and they, 
therefore, asked 42 expert neuroscientists to categorize a 
representative set of intemeurons. Unfortunately, there was 
little inter-expert agreement on the morphological defini-
tions of some of the proposed types; however, there was, in 
general, consensus on the definitions of the axonal features. 
As a positive outcome, supervised classifiers were able to 
categorize the intemeurons in accordance with the experts' 
assignments. Nonetheless, they were inaccurate at predict-
ing the intemeuron type and one of the axonal features; 
the former result being reasonable since distinguishing 
intemeuron types was hard even for the experts. The clas­
sifiers were trained by labelling each cell with the category 
that was most commonly selected by the experts (majority 
vote). While this is a common approach in supervised clas­
sification with múltiple annotators (Raykar et al. 2010) it 
allowed labels that were backed by few experts (Le., 'weak 
majorities', those due to very ambiguous categorizations) to 
be used as true labels. 

Thus, in this paper, we approach supervised classifica­
tion of intemeurons by using reliably labeled cells alone. 
The rationale is that unreliable labels would confuse a clas-
sifier and that it would be better to have them assigned 
by a model trained with reliable labels. One possibility 
would be to remove unreliable labels (Le., unlabel instances) 
and cluster the data in a semi-supervised fashion, simi-
larly to Mihaljevic et al. (2014), allowing the discovery 
of previously unknown types. Here we classify reliably 
labeled cells alone, in a supervised fashion, seeking to 
discover whether at least a subset of intemeurons can 
be accurately categorized. Rather than proposing a crite-
rion for disceming reliable labels from unreliable ones, 
we form many data subsets with different label reliability 
thresholds (Le., such that each instance's label is backed 
by at least a certain (threshold) number of experts) and 
analyze the supervised classification of each data subset 
separately. 

We separately categorize the intemeurons according to 
intemeuron type and four axonal features,1 termed Fl, F2, 
F3, and F4 (see 'Materials and Methods' for details). We 
measure 214 parameters of axonal and dendritic arboriza-
tions and use all or some of them as predictive variables, 
depending on the axonal feature/type to be predicted. Addi-
tionally, we use axonal features F1-F4 as predictors of 
the intemeuron type, both on their own and together with 
the morphological parameters. We estimate their crisp (Le., 
atomic) valúes with majority vote, thus discarding, when 
using axonal features F1-F4 as predictors, intemeurons 
unreliably categorized according to at least one of those 
features. Figure 1 shows an overview of the described 
supervised classification tasks. 

We tackle each classification task with four different 
Bayesian network classifiers (Bielza and Larrañaga 2014). 
These are competitive performance classifiers (Morales 
et al. 2013; Friedman et al. 1997) that allow for analyzing 
probabilistic relationships among the variables of a domain 
and, among other desirable properties, accommodate for 
feature selection, can fit complex labelling scenarios—such 
as missing or partial labels; múltiple class variables— 
and can be efficiently learned from data (see Bielza and 
Larrañaga 2014). 

The rest of this paper is organized as follows. 'Materials 
and Methods' describes the data and the practical approach 
to intemeuron classification and then elaborates on the 
methodology—the formation of data sets according to label 
reliability; the Bayesian network classifiers used; data pre-
processing; and the empirical setup. 'Results' presents the 
results and 'Conclusions' rounds off with conclusions. 

Materials and Methods 

Data 

All neurons and experts' terminológica! choices were gath-
ered by DeFelipe et al. (2013). We used 241 cells from 
different áreas and layers of the cerebral cortex of the 
mouse, rat, and monkey, whose digital reconstructions were 
obtained from NeuroMorpho.Org (Ascoli et al. 2007). 40 
digital reconstructions exhibited an interrupted axonal pro-
cess; if deemed feasible (36 cells), we drew the small miss­
ing fragments using the Neurolucida workstation (Glaser 
and Glaser 1990), thus completing the axon. Due to non-
trivially reconstructible axons four cells were omitted from 
our study, yielding the final sample of 237 cells. 

The prediction of one of the features, F6, is almost trivial and was 
thus not considered here. 
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Fig. 1 A schematic overview of our automatic categorization of 
interneurons according to type and axonal features F1-F4. The full 
data set, S¡ {center), is used to form data subsets (shown around S¡) 
with different class variables (indicated by the superscript; e.g., Fl is 
the class variable in S¡\¡), predictor variables (second and third super­
script; e.g., S¡2S 21 n a s f e a tu r e s F1-F4 as predictors of the type), label 
reliability threshold (first subscript; e.g., S1^ has label reliability 25), 
and predictor reliability threshold (second subscript; e.g., S>2^ 2l has 
reliability 21 for predictors F1-F4). In S>, all instances are quantified 
with 214 morphological parameters and labeled with the majority vote 
for the intemeuron type and each axonal feature, with the label reliabil­
ity (number of agreeing experts) shown in parentheses. The predictive 
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variables in the classification tasks are indicated by the columns of the 
corresponding data sets (e.g., the predictors for Fl are the morpho­
logical parameters X\-XST, see S¡\¡). Note how label and predictor 
reliability determines which instances are included in a data set: for 
example, the first instance in S¡ (shown in red) is omitted from S)^ 
because its label reliability is 21, i.e., it is not above 25, the label relia­
bility threshold in 3l\^. Likewise, instance 237 in S> (shown in orangé) 

i omitted from $¡~, and í2>2j 2\ ' because its reliability for Fl 
is not above 21. Besides the label reliability thresholds depicted here, 
many others were considered for each categorization task, e.g., Sl^, 
a¡\ £35,1 234, % . 

Axonal Feature-Based Nomenclature 

The intemeuron nomenclature proposal by DeFelipe et al. 
(2013) consists of six categorical features of axonal 
arborization. These features have the following categories: 

- Feature 1 (Fl): i n t r a l a m i n a r and 
t r a n s l a m i n a r 

- Feature 2 (F2): i n t r a c o l u m n a r and 
t r a n s c o l u m n a r 

- Feature 3 (F3): c e n t e r e d and d i s p l a c e d 
- Feature 4 (F4): a s c e n d i n g , d e s c e n d i n g , and 

b o t h 
- Feature 5 (F5): a r c a d e (AR), C a j a l - R e t z i u s 

(CR), c h a n d e l i e r (CH), common b a s k e t 
(CB), common t y p e (CT), h o r s e - t a i l (HT), 
l a r g e b a s k e t (LB), M a r t i n o t t i (MA), 
n e u r o g l i a f o r m (NG), a n d o t h e r (OT) 

- Feature 6 (F6): c h a r a c t e r i zed and 
u n c h a r a c t e r i z e d 

Axonal features Fl and F2 refer to the distribution of 
the axonal arbor relative to the cortical layer and column of 
the soma, respectively. Cells with the axon predominantly 
in the soma's cortical layer are i n t r a l a m i n a r , whereas 
the rest are t r a n s l a m i n a r . Likewise, regardingF2, cells 
with the axon mainly confined to the soma's cortical column 
are i n t r a c o l u m n a r ; the rest are t r a n s c o l u m n a r (the 
column is assumed to have a diameter of 300 ¡xm). Fea­
ture F3 refers to the relative location of axonal and dendritic 
arbors. Cells with the dendritic arbor mainly located in the 
center of the axonal arborization are c e n t e r e d whereas 
the rest are d i s p l a c e d . Feature F4 allows for further 
distinguishing between t r a n s l a m i n a r and d i s p l a c e d 
cells: cells with an axon mainly ascending towards the cor­
tical surface are a s c e n d i n g , cells with an axon mainly 
descending towards the white matter are d e s c e n d i n g , 
whereas the rest are termed bo th . Feature F5 is the 
intemeuron type. Eight of the ten types can be found in the 
literature (Peters and Jones 1984), whereas common t y p e 



was introduced by DeFelipe et al. (2013), and o t h e r was 
meant to be chosen when a type missing from the pro-
posal was considered most adequate. Regarding F6, a cell 
is u n c h a r a c t e r i zed if its reconstruction does not allow 
for the characterization according to the remaining features, 
due to, e.g., insufficient axonal reconstruction; otherwise, 
a cell is c h a r a c t e r i z e d . Supervised models can pre-
dict F6 with high accuracy (DeFelipe et al. 2013) so we 
do not consider this feature in this paper. Figure 2 shows 
two interneurons characterized according to axonal features 
F1-F5. 

In DeFelipe et al. (2013), expert neuroscientists catego­
rized interneurons by observing images such as those in 
Fig. 2. In addition, they were told the neuron's cortical 
layer—along with its approximate thickness—, the corti­
cal área and species of the animal. A gray vertical shadow 
marked the 300 /xm-wide cortical column, as shown in 
Fig. 2. 

Expert Categorization Reliability 

Each cell was categorized according to every feature by up 
to 42 experts. To crisply categorize a cell according to an 
axonal feature / , we reduced the vector of experts' choices 
for / to its mode (majority vote). We used such crisp cat-
egorizations as valúes of the class variable (labels) and of 
the predictor variables—axonal features F1-F4 were used as 
predictors of interneuron type. Cells with no unique major­
ity vote for a feature / were discarded from classification 
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Fig. 2 Examples of interneurons of different types and with differ-
ent axonal features. a is an i n t r a l a m i n a r , i n t r a c o l u m n a r , and 
c e n t e r e d cell, according to 38 (out of 42) experts. Most of its axon 
(shown in blue) is located within 200 /xm from the soma (shown in 
red; the grid lines are established every 100 /xm), thus appearing to be 
in the same layer as the soma; it is within the soma's cortical column 
(the gray vertical shadows depict a 300 /xm-wide cortical column); 
and it seems to be centered around the dendritic arbor (also shown 
in red). Because this cell is not t r a n s l a m i n a r and d i s p l a c e d , 

tasks that involved / , either as the class or as a predictor 
variable (e.g., a cell without a unique majority vote for F4 
was omitted when predicting F4 and when using F4 as a 
predictor of the type; it was used in all other classification 
tasks, e.g., when predicting F2 from the morphological vari­
ables (S¡25 in Fig- !))• Furthermore, we formed data subsets 
with different label reliability thresholds, Le., such that each 
instance's label was backed by at least a certain (threshold) 
number of experts. Thus, a data set 2){, for predicting / , 
was formed of cells with label reliability larger than t for 
feature / , with t e {0 , . . . , 41}. When using features F1-F4 
as predictors, cells were additionally filtered according to 
reliability for F1-F4. Thus, a data set 2¡^r , for predicting 
the type with features F1-F4 as predictors, is formed of cells 
with reliability greater than r for each of the features F l -
F4, and reliability greater than í for the interneuron type (the 
label). A data set %;r ' , with both the morphological 
parameters and axonal features F1-F4 as predictors of the 
type, is formed in the same way as 2¡^r . When using F l -
F4 as predictors, we augmented F4 with a category called 
none, to describe the cells which most experts considered 
as not categorizable according to F4—these cells would 
have otherwise been discarded due few experts having cate­
gorized them according to F4, yielding a low reliability for 
F4. Although this might lead to incorrect categorizations— 
a cell being t r a n s l a m i n a r , d i s p l a c e d and neither 
a s c e n d i n g , d e s c e n d i n g or b o t h but instead none, 
in Fl, F3, and F4, respectively—such combinations barely 
appeared in our data (see Fig. 3). 

but rather i n t r a l a m i n a r and c e n t e r e d , it is not characteriz-
able according to axonal feature F4. According to 24 experts, this is a 
common b a s k e t cell. b is a t r a n s l a m i n a r , t r a n s c o l u m n a r , 
d i s p l a c e d , and a s c e n d i n g cell according to 38 (out of 42) 
experts. Unlike (a), this cell's axon reaches over 300 /xm horizontally 
above soma (i.e.,it seems to extend to another layer); alarge portionof 
its axon is outside of the soma's cortical column; its dendrites are not 
in the center of the axonal arborization; and its axon is predominantly 
above the soma. According to 29 experts, this is a M a r t i n o t t i cell 
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