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Abstract—Spinal motoneurons (MNs) play a crucial role in 
movement control. Decoding the firing activity of spinal MNs 
could help in real-life challenges, such as enhancing the control of 
myoelectric prostheses and diagnosing neurodegenerative 
diseases. In this paper, we propose a machine learning approach 
to automatically classify MNs based on their firing activity. 
Applying the proposed approach to data from a MN 
computational model, the classification accuracy of all examined 
datasets exceeded 95%. We extended the approach to detecting the 
death of a given MN type using clustering validity index. Results 
indicated that 86% of the examined death-detection cases were 
detected accurately. These results demonstrate that the proposed 
approach is a successful step in automating neuronal cell-type 
classification. 
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I. INTRODUCTION  

Spinal motor neurons (motoneurons, MNs) innervate muscle 
fibers whose firing activity governs and mediate movements. 
There are several MN types based on their electrophysiological, 
morphological, and contractile properties: Slow-twitch fatigue 
resistant (S), fast-twitch fatigue-resistant (FR), and fast-twitch 
fatigable (FF) [1]. The diversity in MN types is critical to graded 
motor control and the execution of movements.  

Decoding the firing activity of MNs could provide important 
contributions to real-life applications, such as the control of 
myoelectric prostheses [2], and the diagnosis of 
neurodegenerative diseases, including amyotrophic lateral 
sclerosis (ALS) and spinal muscular atrophy (SMA) [1]. Under 
normal conditions, the number and type of MNs do not change; 
however, under disease conditions, such as in ALS and SMA, 
MNs degenerate progressively, with differential vulnerability 
among types. In ALS, for example, FF MNs degenerate first 
during the pre-symptomatic phase; followed by FR MNs, which 
degenerate around symptom onset; then S MNs, which resist 
degeneration until late stages of the disease [1]. Therefore, the 

identification and death-detection of MN types could provide 
information about the progression of the disease and its stage. 
Additionally, electrophysiological properties of MNs are 
affected by amputation [3]. Accordingly, identification of MN 
types and the changes they undergo may also help to enhance 
the process of prosthetic control after amputation. 

The classification/identification of MN types is classically 
based on physiological properties, such as tetanic firing 
frequency and fatigability [4]. In addition, cortical neurons are 
classified on the basis of anatomical, molecular, or electrical 
properties [5]. There have been efforts to automate the neuronal 
classification process using machine learning techniques. 
Furthermore, cell-type classification is one of the priorities of 
the BRAIN initiative in the US and the European Human Brain 
Project [5].  

Neurons’ types could be automatically identified using their 
electrophysiological properties, such as their firing patterns, 
spike shape and timing, firing rate, and rise, duration, and decay 
of the first two spikes [5]. In this paper, we propose a 
classification approach based on machine learning techniques to 
classify MN type (S, FR, or FF) from the cells’ firing activity. 
The variability in firing patterns of the three types is an 
important factor in the classification task [1]. The proposed 
approach could also detect cell-type death in the motor pool.  

II. METHODS 

A. System Overview 

The objectives of this study are twofold: Identify and detect 
the death of MN type. We propose an approach that is able to 
identify and detect the death of each cell type without being 
trained with labeled data. The process starts with recording the 
spike train of individual MNs. This is followed by four main 
phases as shown in Fig. 1. The first is Feature Extraction, where 
representative features are extracted from the recordings. The 
second is Cell Clustering, where the cells are clustered using 
unsupervised technique. The third is Cell Typing, where 
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Fig. 1. Cell-type classification and death-detection process flow. 

the type of each cluster is identified. Finally, Cell-Type Death-
Detection detects the death of a specific MN type.  

B. Datasets 

We used 12 datasets in our experiments. The datasets are 
generated from a verified computational model that simulates 
the cat spinal stimulus of MN pool activity [6]. The model 
delivers input to the pool via synaptic conductances along the 
MN dendrites. In the model, 51 MNs are activated, consisting of 
the three cell types: S, FR, and FF. The cells in the pool are 
divided as follows: ~25% S cells, ~25% FR cells, and ~50% FF 
cells. In each dataset, the synaptic input signal corresponds to a 
hand movement form.  

The specifications that differentiate each signal from the 
other are: Waveform, activation speed, and input amplitude. 
Table I shows the specifications of the generated datasets. 

C. Feature Extraction 

We extracted 10 features that were expected to lead to good 
classification accuracy, which are: 

• Spikes (SP): Raw spike train of the cells. The firing of a cell 
at an instant is either zero at no spike or one at the firing of 
a spike. 

• Average Spike Count (AS): Smoothed raw spike train of the 
cells at a window size of 50 milliseconds.  

• Firing Rate (FR): The rate at which each cell fires per 
second. The value of the firing rate of a cell is updated only 
if the cell fires. The first value of the rate of change of the 
firing rate, which is usually more than 5 Hz, is higher than 
the average rate of change. Per each cell, we subtract this 
first value, ��, from all the firing rate values. The firing rate 
is calculated as 

    ���	 = 	
����

���	����
−	��                     (1) 

where ��� is the firing rate of cell � at time tk measured in 
milliseconds and �� is the first firing rate.  

• FR Mean (ME): The mean of the firing rate per cell. 

• FR Max (MA): The maximum of the firing rate per cell. 

• F Recruitment (FC): First firing rate per cell, ��. 

• I Recruitment (IC): Synaptic input value at the first spike of 
each cell in the pool.              

• Time at Recruitment (T): Time of the first spike of each cell 
in the pool. 

• H: A parameter obtained using Kalman Filter. The Kalman 
Filter is a methodology used in estimating a system state [7].  

TABLE I.  DATASETS EXAMINED IN THIS STUDY. 

Dataset 
Code 

Dataset Specs 

Waveform Activation 
Speed (nA/sec) 

Input Amplitude 
(nA) 

T-1-10 Triangular 1 10 
T-1-7 Triangular 1 7 
T-1-4 Triangular 1 4 
T-1-2 Triangular 1 2 
T-10-10 Triangular 10 10 
T-6-10 Triangular 6 10 
T-3-10 Triangular 3 10 
RH-1-10 Ramp & Hold 1 10 
RH-1-7 Ramp & Hold 1 7 
RH-1-4 Ramp & Hold 1 4 
ST Staircase 
MS Multi-speed 

 
H is a matrix that linearly relates the synaptic input to the 
cells’ firing rate [7] 

�� = ��� + �                         (2) 

�� is the synaptic input, �� is the firing rate of the cells at 
time instant �, � is a noise term, and � ∈ R�	�	�	where M is 
the number of cells. 

• Q: A parameter that is also learned from the Kalman Filter. 
� is the noise covariance matrix of � in (2). � ∈ 	R�	�	�	. Q 
parameter is the diagonal of the matrix �.  

Fig. 2 demonstrates the first 8 features on a sample cell; 
namely the 10th S type cell in the T-1-10 dataset.  

Three features - SP, AS, and FR - have larger size compared 
to the other features. In the aforementioned 3 features, each 
feature ∈ 	R�	�	�	, where N is the number of samples, while the 
other features	∈ 	R�	�	�	. We examined each feature separately 
in the classification task. We also examined the performance 
when combining the remaining 7 features, which have the same 
size. We used the Principal Component Analysis (PCA) 
algorithm to reduce the dimensionality of the combined feature 
matrix [8]. PCA is a technique that is used to reduce data 
dimensionality without losing most of the variation in the data. 
PCA transforms the original dimensions/features into new set of 
dimensions called the Principal Components (PCs). 

D. Unsupervised Clustering Techniques 

We applied a clustering technique to the extracted features 
to divide the cells into a chosen number of clusters. Each cluster 
represents one cell-type. After clustering the cells, we identify 
the type of each cluster based on the firing rate mean of the cells 
belonging to this cluster. This value was employed because the 
order of the types’ firing rate mean is an important electrical 
property in differentiating the MN types [6]. The mean value of 
each cluster/cell-type takes the following order, from the lowest 
to the highest: FF, S, and FR. In this study, we examined K-
Means and Fuzzy C-Means (FCM) clustering algorithms. 

1) K-Means 
K-Means assigns each data point to a cluster by minimizing 

the following objective function [9] 

� = 	 ∑ ∑ ���‖�� − ��‖�
�
���

�
���                       (3)
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Fig. 2. Illustration of the first 8 features examined in this study as computed from the firing rate (blue) of a sample cell (S-10 cell) of T-1-10 dataset along with 

the corresponding synaptic input (red). 
 

where N is the number of data points, K is the number of clusters, 
�� is data point n, ��� ∈ 	 �0, 1� where ��� = 1 if �� ∈ 	�� and 
��� = 0 if ��	∉ �� and, �� is the center of cluster	�. 

2) FCM 
FCM assigns each data point a membership value in each 

cluster. Such membership value (probability) can be any value 
in the range 0 to 1, where 0 indicates no membership and 1 
indicates full membership [10]. FCM clusters the points by 
minimizing the following generalized least-squares function 

� = 	 ∑ ∑ (���)�‖�� − ��‖�
�
���

�
���                     (4) 

where N is the number of data points, K is the number of clusters, 
m is the weighting exponent 1 ≪ m < ∞, ��  is the data point 
number �, ��� is the fuzzy c-partition of the point ��, �� is the 
center of cluster �, and 

∑ ���
�
��� = 1                                     (5) 

E. Clustering Validity Index 

Clustering validity indices are used to evaluate the clustering 
results. In our proposed approach, we use the Dunn index to find 
the best number of clusters in our data [11]. This index is based 
on maximizing the distance between the clusters and minimizing 
the diameter of the clusters. It takes the form 

��� = min
���,…,��

� min
�����,…,��

(
�(��,��)

���
���,…,��

����(��)
)�            (6) 

where �� is the number of clusters,  

���� ,��� = min
�∈��,�∈��

�(�, �)                 (7) 

and �(�, �) is the Euclidean distance between points x and y. 
The diameter of cluster C is defined as 

     ����(�) = 	max
�,�∈�

�(�, �)                 (8) 

We run the clustering algorithm twice: Once to cluster the 
data into two clusters, and another to cluster it into three clusters. 
We then compare the values of the two cases; the maximum
index value is the value representing the best number of clusters. 
If the best number of clusters is 3, this means that all three cell-
types are present. If the best number is 2, this means that a cell-
type is not present (i.e. all cells belonging to this type have died). 

There is a case where the death of a cell-type is detected 
without using the index. In this case, the number of cells per 
cluster is examined when estimating the presence of 3 clusters. 

If the cells’ number in any cluster is 4 or less, this indicates that 
a cell-type is dying.  

III. RESULTS 

A. Cell-Type Classification Accuracy  

The first objective of our proposed approach is classifying 
MN types. We examined the classification accuracy for each 
dataset of the 12 sets defined above, using 102 different 
combinations of clustering algorithms and their parameters, and 
features before and after dimensionality reduction. The 
examined algorithms are: K-Means and FCM with different m 
values. The m values tested for FCM are 2, 2.5, 3, 3.5 and 4. The 
examined features are: Each separate feature from the 10 
features defined above, and combined PCs after dimensionality 
reduction. The 7 combined PCs examined are PC 1, PC 1:2, PC 
1:3, PC 1:4, PC 1:5, PC 1:6 and PC 1:7, where PC 1:p represents 
using all the principal components from the 1st to the pth 
component. The features were normalized before applying the 
dimensionality reduction. 

For each combination, we ran 10 iterations, where the final 
reported accuracy is the mean of the accuracies achieved in the 
10 iterations. We analyzed the outcome of the 102 combinations. 
The average of the maximum classification accuracy of all 
datasets, across all combinations, is 96.7%. This indicates that 
our approach can classify with high accuracy any dataset 
regardless of its waveform, activation speed, or input amplitude.  

 In terms of feature extraction, our analysis revealed that 
using combined PCs as features outperforms other features; they 
achieved the best accuracy in 11 out of the 12 datasets. Fig. 3 
demonstrates the accuracy achieved in all datasets for each of 
the examined features using the FCM algorithm with m value set 
to 2. The figure shows that using the 1st PC results in very low 
classification accuracy. Adding the 2nd and the 3rd PCs boosts 
the accuracy. The effect of adding more PCs is minimal. 
Specifically, combining  the first 3 PCs (PC 1:3) led to the best 
results in 50% of the datasets. This indicates that PC 1:3 is the 
most effective feature in representing the data.  

In terms of clustering algorithms, our results indicate that the 
best clustering algorithm in the majority of datasets, across all 
combinations, is the FCM algorithm with m value set to 2. This 
value achieved the best results in 10 out of the 12 datasets. Fig. 
4 demonstrates the accuracy achieved for all datasets using all 
algorithms and using the PC 1:3 feature. 
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Fig. 3. Classification accuracy of all datasets for each feature with FCM as 

the clustering method. 

 
Fig. 4. Classification accuracy of all datasets for each algorithm with PCA as 

the feature extraction method using PC 1:3. 

B. Cell-Type Death-Detection Accuracy 

The second objective of our proposed approach is MN cell-
type death-detection. One way to detect cell-type death is 
through  evaluating the number of clusters in the pool. We used 
the Dunn index to evaluate the number of clusters. We used 
FCM clustering algorithm with m of value 2 given that it is the 
algorithm that resulted in the best accuracy as shown above. 

In order to increase the accuracy of finding the clusters’ right 
number, we tested only the datasets where almost all the pool 
cells fire. The absence of the firing of some cells may lead to 
misleading results of cell-type death-detection. Accordingly, the 
7 tested datasets are T-1-10, T-1-7, T-3-10, RH-1-10, RH-1-7, 
Staircase, and Multi-speed. PC 1:4 is the feature that generated 
the best results. 

 Fig. 5a demonstrates the obtained Dunn index values when 
testing the presence of 3 clusters and 2 clusters in a sample 
dataset (T-1-10). The index values are calculated when using the 
PC 1:4 feature matrix. For each case of the reported cases, we 
run 10 iterations to test the index value. The figure shows that 
the mean Dunn index can detect the correct number of clusters 
in the cases of no cell-type death, S-type death, and FR-type 
death. However, in the FF-type-death case, it wrongly detected 
the presence of 3 clusters instead of 2 clusters. The error in this 
case is due to the presence of very few cells that are outliers in 
the FR type. The index assumed these outliers to be a separate 
class. In this case, we exclude the presence of the third cluster 
without using the Dunn index value. The exclusion of the third 
cluster occurs because the number of the cells in one cluster is 
less than or equal to 4 cells. Fig. 5b demonstrates the accuracy 
of detecting the right number of clusters in the 4 aforementioned 
cases using  PC 1:4 feature in the 7 tested datasets. The overall 
accuracy in all the cases is 86%. Only four cases out of 28 were 
miss-detected. 

  
            (a)       (b) 

Fig. 5. (a) Dunn index values of T-1-10 dataset. (b) Detection of cell-type 
death accuracy of 7 datasets. 

IV. CONCLUSION 

In this paper, we proposed an approach to automatically 
classify and detect the death of MN types. Ten features were 
extracted from the data. We applied PCA to reduce the features’ 
dimensions. Combining the first 3 PCs was found to be the most 
effective feature for the classification task. We achieved on 
average 96.7% classification accuracy in 12 examined datasets. 
We also examined 2 unsupervised clustering techniques: K-
Means and FCM. FCM was found to achieve higher accuracy. 
We also succeeded, with accuracy of 86% across the examined 
cases, in detecting the death of a specific cell-type using the 
Dunn index. In this study, we applied the approach on data 
generated from a computational model. The next step would be 
to extend this analysis to Electromyography (EMG) signals 
recorded from human experimental data. 
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