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Figure 5: Estimates of BBP m-type densities using BBCAv2. A. Probability matrices to illustrate
the equation used for m-type densities estimates. For clarity, P(m — type|cluster) instead of
P(me — type|cluster) is shown in (/). Similarly, P(m — type|marker)is shown in (jii) instead of
P(me — type|marker). Probability values higher than 0.1 are displayed as percentages in matrices.
P(m — type|cluster) was computed on BBP dataset in (/). The number of BBP me-models in each
cluster is given in the bottom row, while the number of cells of each m-type is given in the first column.
P(cluster|marker)was similarly computed on AIBS dataset in (i/). The number of AIBS cells in each
cluster are given in the first column, while the number of cells for each AIBS molecular ID is given in
the bottom row. B. Typical distribution of m-types in mouse cortex. A populator algorithm took as input
cortical densities of m-types in 25 ym wide voxels and assigned spatial coordinates to neurons in a
random fashion within the same voxel. Sagittal and coronal view of inhibitory neuron distributions are
color-coded by m-types. Orange vertical bar in i shows the position of the coronal slice. C. BBP
m-types densities along cortical depth computed by applying the P(m — type|marker) matrix to
marker densities from the BBCAv2. Two different cortical areas are displayed: primary somatosensory
cortex, hindlimb area (SSCx, /) and primary area in visual cortex (Visp, /). Densities of all inhibitory
neurons are shown in the first row and only LBC, MC and DBC m-types are shown for clarity (all
m-types are available in supp. data). Other m-types and me-types are similarly computed.
Contributions per layer are shown as colored lines while the total is displayed in black. For
comparison in somatosensory cortex, data from rat neocortical microcircuitry reconstruction are

shown in light grey.

Validation of the cross-dataset clustering pipeline

We submitted our pipeline to two types of validations. First, a validation for molecular type
prediction and second, a validation for cross-species prediction.

The first kind of validation means that we want to test how good our approach is to predict
the molecular ID of a neuron solely based on the available me-features. Since we had no

information about the molecular ID of BBP me-models we restricted ourselves to the AIBS
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dataset only. We split the AIBS dataset into 10 subsets of comparable sizes and proceeded to
perform a 10-fold cross-validation of the pipeline’s prediction. We did the a optimization
step using 9 subsets grouped together and predicted the molecular ID of cells from the last
subset by assigning them to the most frequent molecular ID of their cluster. For clarity, the
hierarchical tree was computed using the complete dataset for every tested a while the
cluster homogeneity score was computed with labels from the nine grouped subsets used as
training dataset. We repeated this for the 10 possible combinations of the 10 subsets. Results
show promising weighted precision and accuracy (89% +/- 8% and 85% +/- 13% respectively,
see Table 1) scores well above chance levels. Precision measures the rate of correct
prediction in a class. For instance, it tells how many of all the Pvalb predicted labels were
actually Pvalb cells. Then we averaged obtained precisions over all classes but weighted
them by the number of elements in a class giving the global weighted precision. Accuracy on
the other hand measures the rate of correct predictions.

For the second kind of validation we used both common labeling systems, i.e. labels that can
be used to describe neurons from both the BBP and AIBS datasets. As defined in the
Methods section, we used two common labeling systems: one based on the cortical layer
where the soma resides and another based on consensual morphology types .

First, we assessed the performance of the pipeline at predicting common m-type and
common layer labels within a dataset. We then proceeded to a 10-fold cross-validation for
each of the following cases: common m-type labels on Gouwens et al. dataset, common layer
labels on Gouwens et al. dataset, common m-type labels on BBP dataset and common layer
labels on BBP dataset. Precision and accuracy scores were very satisfactory (Table 1) showing
that the pipeline is able to correctly predict common m-types and common layers when
training on a dataset from the same species.

We tested the ability of the pipeline to do cross-species prediction. This process consisted in

running the full pipeline but with a common labelling system (Table 1). We did the training
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on one dataset and the prediction on the other dataset. The a optimization step was
performed on the AIBS dataset (with respect to the BBP dataset) and cells from the BBP
dataset (with respect to the AIBS) and assigned a label using the most frequent label of the
cluster they belonged to. For clarity, the hierarchical tree was computed using all data points
from both BBP and AIBS datasets but the cluster homogeneity score was computed with
labels from one dataset only. A “no-match” case in which the cluster is 100% composed of
AIBS (or BBP) cells could also be observed. In such cases, data points were excluded. As a
result, only a subset of the tested dataset was predicted. For instance, for common m-labels
prediction of BBP cells when trained on the Gouwens dataset, we predicted 90 % of the BBP
dataset with a precision of 31% and an accuracy of 34% (Table 1). Conversely, when we
trained with the BBP dataset and predicted common m-labels of AIBS cells, we obtained a
precision and accuracy score of 83% and 62% respectively, while 98% of the AIBS dataset had
a predicted label.

Interestingly, when training on the AIBS dataset the a value is lower (@ = 0.3) compared to
when the BBP dataset was used for training (a = 0.4). While we would expect a a > 0.3 for
predicted morphological labels, this might partly be explained by the large difference in
dataset sizes as we will develop in the discussion. This difference in o values could also be
due to the imbalance in the reference dataset labels. For instance, the BBP dataset has a
sizeable amount of basket cells (Fig.S5) potentially driving the optimal a value towards a
more systematic prediction of basket cells.

We proceeded similarly with layer labels (Table 1). However, the precision and accuracy
scores were lower (Table 1) when compared to scores obtained using common m-labels. This
could be due to the realignment of neuron morphologies (see Methods) after which the soma
could reside in a different layer close to the original one.

Since only morphologically related common labels were available for cross dataset

validation, we have little information about the ability of the pipeline for
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electrophysiology-related cross-dataset predictions. We nonetheless explored the results
obtained when applying the pipeline with electrophysiological labels. In the provided
description of their me-types, Gouwens et al. reported electrophysiological phenotypes that
were regularly used in literature (e.g. with fast spiking neurons). We thus could easily group
Gouwens et al. me-types into four “common” e-types: fast spiking (FS), regular spiking (RS),
irregular spiking (IR) and adapting (Adapt). We ran the pipeline optimising « for these
“common” e-types to output the probabilistic mapping P(common e — type|BBP e — type)
(Fig.S6,A, see Methods). This mapping clearly suggests that most of the cNAC, dNAC,
cSTUT and dSTUT labeled neurons map to FS neurons. All the other labels map to RS, IR
and Adapt but not to FS neurons. To push the analysis further, we output the probabilistic
mapping P(mol. ID|BBP common me — type) (Fig.S6,B). Common me-types were defined as
common m-type with common e-type. For the BBP dataset, cNAC, dNAC, cSTUT and
dSTUT labels were grouped under the FS common e-types while the other labels were
classified as non-fast spiking (nFS). The resulting mapping suggests that, using the same
morphology but matching it to a different set of e-features, either FS or nFS, could change
the molecular ID of the resulting neuron model. For instance, an MC morphology grouped
with nFS efeatures would most likely map to SST positive neurons while if the morphology is
grouped to FS e-features it will be mapped to PV positive neurons. These results suggest that
considering electrophysiological and morphological dimensions separately when building

neuron models could increase noise and confusion in the mapping.

Overall, these results suggest that the pipeline is well suited for molecular ID prediction and

is able to do cross-dataset predictions while more refinement of features normalizations

would likely increase the precision of predictions.
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Chance Ratio of
Training Precision
Alpha Accuracy Mean dataset
dataset (weighted)
(median) matched
Molecular  Gouwens et 0.36
0.89 (0.08) 0.85(0.13) 0.25 (0.25) 1.0 (0.0)
IDs al. (0.05)
Gouwens et 0.35
0.86 (0.09) 0.79 (0.11) 0.2 (0.18) 0.99 (0.02)
al. (0.05)
Common
A.10-fold cross " YPeS 0.48
BBP 0.83(0.02) 0.83(0.03) 0.2 (0.16) 0.99 (0.02)
validation 0.17)
Gouwens et
1 0.6 (0.1) 0.70 (0.19) 0.71(0.13) 0.25 (0.23) 0.93 (0.07)
al.
Common
1
ayers 0.62
BBP 0.95 (0.02) 0.94 (0.02) 0.2(0.2) 0.99 (0.01)
(0.18)
Gouwens et
I 0.3 0.31 0.34 0.2(0.18) 0.9
Common a
m-types
BBP 0.4 0.83 0.62 0.2 (0.16) 0.98
B. Cross-dataset
Gouwens et
I 0.8 0.58 0.24 0.25 (0.23) 0.81
Common a
layers
BBP 0.8 0.53 0.38 0.25 (0.24) 0.96

Table 1: Validation experiments results. Section A: 10-fold cross-validation on the
Gouwens et al. dataset using molecular markers, common m-types and common layer labels.
10-fold cross-validation on BBP dataset using common m-types and common layer labels
only. Mean (standard deviation) are shown except for the chance level column where it is
mean (median). Section B: Cross dataset validation on common m-types and on common

layer labels, respectively.
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Discussion

In this paper we populated a digitalized mouse cortex with well characterised inhibitory
me-types from the BBP neuron model database, thereby paving the path for detailed
modeling of this whole brain region. In the process we created a common framework to
effectively compare mouse and rat inhibitory cells. This framework was subsequently used to
map neuron models from the rat to mouse neurons from a recent AIBS dataset (9) in order to
extrapolate missing molecular IDs. The resulting probabilistic mapping served as a
convertor to estimate me-type densities using molecular marker densities from the BBCAv2
as input. Results showed relatively comparable distributions across the cortical areas (Fig.5,
S4).

A major strength of the approach presented here is the ability to accommodate data coming
from different species. Normalization processes made possible the expression of me-features
in a common framework necessary for cross-species comparison. Doing so required
invariant values across species such as layer delineation for morphologies and rheobase
current for electrophysiology (see Methods and Fig.1B). Although the normalization could be
improved for e-features, it showed promising results for m-features (Fig.2). Further
refinements of the normalization process improving dataset compatibility would help
minimize mapping uncertainties. Additionally, we showed that a well-identified morphology
grouped with different e-types could be associated with different molecular markers (Fig.S6).
These results confirm that considering morphology and electrophysiology as two fully
independent dimensions might increase confusion in the mapping process (9—11). However,
with further exploration, these normalization methods could help to adapt data gathered in
the rat and utilise them for building a model of the mouse cortex.

Optimization of the latent space to maximize prediction of molecular IDs confirmed that
considering both m- and e-features together makes more sense when trying to predict
molecular ID. Indeed, the - obtained with molecular ID labels had a value close to theaa

pt
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obtained with me-type labels (Fig.3). These results agree with multiple previous studies
searching for links between molecular IDs and morpho-electrical description of neurons
(9—11). However, the latent space optimization step presented here does not inform on the
exact features that are important for molecular ID predictions. One can expect that not all of
the extracted features are of the same relevance when it comes to predicting the molecular
ID of a neuron. A refined version of the optimization that we are currently exploring
considers having individual weights for each principal component instead of only one. Thus,

we would have a list of a, one for each principal component, that could be optimized using a

multivariate optimization algorithm with a loss function inspired from cluster homogeneity.

As a result, we would expect me-features from principal components with high a values to
be more relevant for molecular ID prediction. This could also improve the - result for the

Gouwens dataset with native e-labels (Fig.3 C).

To form clusters in the optimized latent space, we showed there was a trade-off between the
molecular ID precision, via cluster homogeneity, and the number of mapped BBP models
(fig.4,B). Therefore, we made a compromise between cluster homogeneity and BBP cell
mapping percentage. As an alternative, one can consider increasing cluster homogeneity by
choosing a smaller clustering distance, hence preferring molecular ID precision over the
number of mapped BBP cells. The final choice should depend on the goal and should be at
the user's discretion. On the other hand, this trade-off can leave some room to identify
species-specific cell types. It is highly likely that strictly rat-specific cells would not cluster
well with their mouse equivalents (if they exist), which makes our method a strong contender
compared to other supervised methods where unique cell clusters might be forced to cluster
together in a less specific group. For example, three clusters were composed of BBP cells
only, which could suggest rat-specific cell types. However, with more than 1,300 BBP models
and as few as 150 neurons from the Gouwens dataset, we are dealing with datasets of

different sizes. Due to datasets size differences, it is hard to discern if we are in a rat
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exclusive cell-type case or, more likely, if there are not enough neurons in the Gouwens
dataset to map to these clusters (Fig.5,Aii). Furthermore, two clusters (1 and 12) contain only
a couple of AIBS cells to infer molecular IDs for the BBP neurons. Consequently, the
inferred molecular IDs for BBP cells in these clusters should be considered with caution.
The use of a larger reference dataset balancing the very large BBP dataset could help reduce
these mapping uncertainties. For instance, new Patch-seq datasets combining morphological
reconstruction, electrophysiological recordings and scRNAseq for individual neurons are
becoming increasingly available (10,11,30,31). Future inclusion of such datasets would
improve the precision of mapping by equilibrating the number of mouse cells compared to
rat cells.

Finally, we showed that using a probabilistic mapping approach, we were able to estimate
densities of well characterised me-type across cortical areas. However, this approach
assumes that the cell repartition in labels is unbiased (i.e. it reflects what we could observe
naturally). We know that it is not the case for the AIBS dataset, as some specific driver lines
have been used to boost up the probability of observing some types of neurons such as
chandelier cells with the Vipr2-IRES2-Cre driver line. To correct for this, we explored using
only non-overlapping driver lines for our probabilistic mapping when estimating m(e)-type
densities. However, choosing non-overlapping driver lines reduced the already modest
number of AIBS cells. In addition, the resulting dataset might still be biased due to
experimental methods such as the accessibility of cells for patching, for instance. We thus
chose to proceed with the complete AIBS dataset. The BBP dataset could present a similar
experimental bias with over-representation of LBC or MC for instance. However, it remains
difficult to estimate to which proportion the numbers from the BBP dataset are due to
natural occurrence or experimental biases. The obtained m-type densities showed similar
distributions across cortical regions for a given m-type (Fig.5,C and Fig.S4). The variation of

me-type densities across cortical regions are necessarily rooted in the input marker densities
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since we linearly transformed these inputs using a unique probability matrix
P(me — type|marker). It should also be noted that this matrix was derived using cells from
juvenile rat somatosensory cortex and adult mouse visual primary cortex. Including cells
from other brain areas and comparable development stages could improve precision of
me-types predictions. Nonetheless, these results provide a first estimate of inhibitory
me-types composition for the whole cortex enabling more precise modeling of this brain
region in the future.

These results should be nuanced by the outcomes of our validation tests. Molecular ID
prediction gave very good precision and accuracy scores, supporting the validity of the
approach (Table 1). Unfortunately, for cross dataset validations, only morphology-related
labels were available. We observed averaged scores with an unexpectedly low a for common
morphological labels prediction (Table 1). These results might be partly explained by the lack
of objective, consensual morphological classification in the literature. However, the better
results observed when training on the BBP dataset suggest dataset size differences could also
play a role in the obtained validation scores. It is possible that the AIBS dataset is too small
to fully encompass all morphological diversities, potentially resulting in inaccurate and
imprecise predictions. Nonetheless, overall, we found these results satisfying for
cross-dataset mapping.

A valid technical criticism about the pipeline is that all data points are considered when
doing the hierarchical clustering, even the points for which we don’t have labels. For
instance when we optimized our latent space for molecular IDs prediction, we proceeded to
hierarchical clustering using both AIBS cells (with known molecular IDs) and BBP cells (with
unknown molecular IDs). Thus, we might influence the actual value of alpha to our
advantage to predict the unknown labels. One could argue nonetheless that hierarchical

clustering is used here as a deterministic mathematical tool to probe the common space
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structure. The alpha optimization is then performed on this projection of the subspace.
Hence, the actual optimization uses only the data points with known labels.

It is possible to generalize the mapping approach presented here as long as a common
framework can be defined to allow comparisons between datasets. The optimization of the
subspace resulting from this common framework will always find the best a based on the
available features. Building an extensive cell-type—based knowledge graph linking multiple
datasets will be a useful resource to establish such frameworks. This initiative is already
under process both at BBP, AIBS, and in other groups. In addition, incorporating multiple
datasets will not only increase the range of information types that we can infer but also the
precision and confidence in the inferred information. In the future, Patch-seq dataset
integration could possibly be generalized to infer even specific me-features solely on gene
expression profiles (32,33). The ultimate goal would be to make precise predictions about
neuronal types of uncharted brain areas from very sparse data. An essential key to this
problem is the definition of a brain area independent framework in which we can express
morphological and electrophysiological features. For other regions than the cortex, or even
other species, morphology normalization using layer delineation might not be well adapted,
thus other "invariants" must be found. In addition, the low R-value observed with
normalized e-features (Fig.2) suggest that electrophysiology normalization using rheobase
current should be improved. If the newly defined framework is general enough, it could even
be conserved across species (e.g. mouse and rat) also enabling cross-species predictions.

We present here a first step towards what we think is an essential task: to develop and refine
algorithms that infer missing composition knowledge from what is already known. Such
algorithms will not only help to draw parallels across different animal species but also
extend our comprehension of less studied brain areas, thus facilitating the process of

building a biologically detailed model of the mouse brain.
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