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Objective: The performance of machine learning algorithms used for neal decoding
of dexterous tasks may be impeded due to problems arising whe dealing with
high-dimensional data. The objective of feature selectioralgorithms is to choose
a near-optimal subset of features from the original featurespace to improve the
performance of the decoding algorithm. The aim of our study w&s to compare the effects
of four feature selection techniques, Wilcoxon signed-rantest, Relative Importance,
Principal Component Analysis (PCA), and Mutual InformatioMaximization on SVM
classi cation performance for a dexterous decoding task.

Approach: A nonhuman primate (NHP) was trained to perform small coondated
movements—similar to typing. An array of microelectrodes waimplanted in the hand
area of the motor cortex of the NHP and used to record action ptentials (AP) during
nger movements. A Support Vector Machine (SVM) was used to lassify which nger
movement the NHP was making based upon AP ring rates. We usedthe SVM
classi cation to examine the functional parameters of (ijobustness to simulated failure
and (ii) longevity of classi cation. We also compared the &ct of using isolated-neuron
and multi-unit ring rates as the feature vector supplied tdhe SVM.

Main results: The average decoding accuracy for multi-unit features andisgle-unit
features using Mutual Information Maximization (MIM) acse 47 sessions was 96.74

3.5% and 97.65 3.36% respectively. The reduction in decoding accuracy beteen
using 100% of the features and 10% of features based on MIM wag5.56% (from 93.7
to 51.09%) and 4.75% (from 95.32 to 90.79%) for multi-unit ad single-unit features
respectively. MIM had best performance compared to other fature selection methods.

Signi cance: These results suggest improved decoding performance can bachieved

by using optimally selected features. The results based onlinically relevant performance
metrics also suggest that the decoding algorithm can be madeobust by using optimal

features and feature selection algorithms. We believe thaven a few percent increase in
performance is important and improves the decoding accurag of the machine learning
algorithm potentially increasing the ease of use of a brain athine interface.

Keywords: feature selection, neural decoding, principal co
machine

mponent analysis, non-human primate, support vector
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INTRODUCTION high-dimensional neural signals onto a high-dimensionahtha
prosthesis. Optimizing algorithms for decoding neural signa
Microelectrode array brain machine interfaces (BMI) havevino  wiill be critical for providing useful control of upper extremity
the potential to alleviate various neurological disordd3dlls neuroprosthesis. Feature selection is an important step in
utilizing advances in robotics and machine learning canaes designing a machine learning system. Choosifgdimensional
limited lower and upper extremity motor function. Severalsypset from aP-dimensional feature space consisting &
research studies have inVGStigated the V|a.b|||ty of acarbrain predictors using an Objective metric is the aim of feature
machine interface in humans and NHPS4{rmena et al., 2003; selection. Feature selection also reduces the dimensipruli
Shenoy et al., 2003; Musallam et al., 2004; Hochberg et geature space, inundating it with more “informative” feagsr
2006; Santhanam et al., 2006; Kim et al., 2008; Ganguly agilis, removing lesser contributing ones that might occlule t
Carmena, 2009; Kellis et al., 2010; Ethier et al., 2012a Gilfeature space.
et al., 2012, 2015; Collinger et al., 2013; Hwang and Andgrse
2013; A alo et al., 2015; Little et al., 201BMI for controlling Curse of Dimensionality

a robotic limb or moving a cursor have been successfull . . . . . L
9 Certain machine learning algorithms fail to scale well inthig

demonstrated in humans and non-human primates (NHP). .. . .
. ) .dimensional feature space. These algorithms suer from the

These systems provided real time control of a neuroprosthetic - . L .
. . . curse of dimensionality,” which refers to the problems thase

system by decoding neural signals moment by moment with an

objective to provide certain functionality to replace the wati When analyzing and organizing high-dimensional data. Coersid

arm. These systems are based on decoding the endpoint g%vnlvar|ate, independent variable “X” which follows a Géuss

of reach and map the neural signals to spatially distribute iStribution with mean it and variance " (X N (m s)).

2 ccording to the properties of Gaussian distribution8% of
targets\Vang et al. (2009ecoded individual nger movements the data is enclosed in the region surrounded by the mean

using neural data recorded using a customized micro-ECa gr 1 standard deviationRigure 1A). Consider two independent

The quallty of neural d"%‘ta_ Wa_s analyzed by using freq.uenc\)/ariables X and X which follow Gaussian distributions with
domain based characteristics like coherence between ditere

electrodes, modulation of neural signals and accuracy gem means fm” and "mp," and variancess and_ S2. respectlve!y
. (X1 N(myg s1) and X% N(nmp,s2)). For a bivariate, Gaussian
movement classi cation.Shenoy et al. (2007geveloped a .- . > ™ 0 : o
S . distribution only 40% of the data is enclosed within the
nger movement classi cation algorithm based on neural aat . : . . S
. . . . - same region Kigure 1B). For a 50-dimensional multivariate
recording using Electrocorticographic BCI. The classiioat S N
. . . . , normal distribution, only 1/250,000,000th of the data lie within
error achieved using this real-time BCl was 23%banek et al.

(2009)also demonstrated the ability to decode the time course o di%e?giacl;s (\}azigg:)r?ngrz\g:gophéezfrlr?:l;nﬁzftgaetangcr)rc]jlgem
individual nger exions based on ECoG signals recordednro '

. N : ! the mean 1 standard deviation region decreases exponentiall
the motor cortical region in human subjectss(aimann et al., g P y

: . ... (Figure 2. In neural decoding, data from each electrode is
2009 developed a wavelet packet analysis and genetic algorith Lo .
- - . - reated as an individual feature. A microelectrode array ligua
for detecting ERPs in a single channel ECoG brain COmpmecronsists of 96 electrodes thus, making the feature space 96-
interfaceBashashati et al. (200@pdGarrett et al. (2003rovide ' 9 P

. . . . éilmensmnal. In case of a 96-dimensional feature space,amly
a comprehensive review of feature selection methods in EEG- .~ . . . :
. ) in nitesimally small proportion of data points are enclosed in
based brain computer interfaces.

BMils can be broadly classi ed based on the type of bio-signe{Pe mean 1 stano!ard deviation region. Results mure L
ere generated using a novel approach to constructing the

used to control .the prosthesis. I.EIectroenc.ephangram (EE ulti-dimensional standard deviation ellipsoid based on spact
Local eld potential (LFP), and Action potential (AP) constie decomposition of the sample covariantng et al., 2015

th? _mamnty of source _S|g_n§als used in BMI. APS_ are discrete In high-dimensional space, almost every point is closer to the

spiking events of an individual neuron. In stafistics terms,gqqe of a hypercube that encloses the points than to another
AP_s or neural_“splk_lng" can bg thought o_f as a non-statlonarysarm)|e point. For a sample of size “n” the expected average
point process in which neural information is largely encoded b yigiance hetween the sample points and the edge of the hypercube

changes in the AP ring rate coding (frequency of APs/spiking «py» i o “d"-dimensional feature space can be estimated useg t
(Truccolo et al., 2005In this paper, we utilize neural recordings following equation:

of APs from individual neurons to classify various movensent

of the ngers. One of the important characteristics of the )

human upper extremity functioning is the ability to perform Ddn D 1 (})3

coordinated and dexterous nger movements. Typing, eating ' 2°'n

with a spoon, writing with a pen and opening a lock with a

key are some of the examples in our daily life that requird=or a two-dimensional space with 10,000 points, the average
such dexterous manipulations using individual or combinedexpected distance between the sample points is 0.005 and for
nger movements. Incorporating dexterity as a feature in aa 100-dimensional space with the same number of points, the
neuroprosthesis would help amputees and paralyzed persons é&pected distance is 0.45. It should be noted that the maximum
carry out a wider range of tasks. To achieve such dexteroutistance from any point to the edge is 0.5 for normalized
control requires a neural decoding algorithm that can mapvalues of dimensions<@ntardzic, 201)L The expected distance
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FIGURE 1 | (A) Univariate gaussian distribution. The area shaded in red sls the data points bounded by mean 1 standard deviation. 68.27% of the data is
enclosed in this region.(B) Bivariate Gaussian distribution. The area shaded in blue skvs the data points bounded by mean 1 standard deviation. Only 39.35% of
the data is enclosed in this region. As the number of dimensits increase from a univariate to a bivariate distributionhe amount of data bounded by mean 1
standard deviation reduces by 42%.
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FIGURE 2 | Curse of dimensionality. The plot in blue shows the percenge of data points enclosed by the mean 1 standard deviation for 100 dimensions. The
amount of data enclosed by the mean 1 standard deviation region asymptotes to zero from an octarariate (8-dimensional Gaussian distribution contains dy
0.18% of the data in mean 1 standard deviation region) distribution. The plot in redr®ws the expected distance for 100 dimensions. Expected ditance is de ned
as the average distance between the sample points and the edgof a hypercube. The expected distance asymptotes to its maxum value of 0.5 as the number of
dimensions increases.

asymptotes to 0.5 when the number of dimensions approachekta points act as outliers. This sparsity in data distribution
in nity. deters the e cacy of certain machine learning algorithms in
It can be seen that the percentage of data points enclosed hjgh-dimensions. Feature selection is one of the methods e
the mean standard deviation region decreases as the numbewith “curse of dimensionality.”
of dimensions increase~{gure 2). Also, the expected distance  Using machine learning algorithms for multivariate,
increases quadratically (and asymptotes toward its maximurhigh-dimensional data is often computationally expensive.
value, 0.5) as the number of dimensions incre&sgure 2). Due to the complexity of feature space and rigorous numerical
The above two examples illustrate the sparsity of nite datacomputations involved in de ning the hyperplane in this
in high-dimensional space. In high-dimensional space, moshigh-dimensional feature space, the performance of the nmechi
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learning algorithm is deterred. Feature selection is thecpss

Defy the curse of dimensionality to improve predictor

of selecting anO-dimensional subset feature space from a performance Guyon and Elissee , 2003

P-dimensional original feature space whepg s the number of
predictors.

Feature selection is usually applied to reduce informatio
redundancy and trim the input space to better predict the
responses. Some of the advantages of feature selection are:

Facilitate data visualization and data understanding
Reduce data measurement and storage requirements
Reduce training and utilization times

Identifying the best subset of features is a time consuming
and resource intensive problem to solve. The only method

Qo do this is through exhaustive grid search, i.e., exhaahti

searching through every permutation of predictors available
Mathematically, there exist® permutations of features that can
be selected from “p” features. In case of our neural data, this
results in iterating through % (96 features for multi-unit ring
rate and> 96 features for single-unit ring rate based feature

Simplify the learning model and aid in better understandingvector) permutations of features to identify the “best” setbs
and interpretation by researchers When dealing with multivariate, time-series signals lileziral
Enhance generalization by reducing over tting signals, it is imperative to judge where the learning aldonit

Neural Data

Support Vector
Machine

K-fold
segmentation

Classification result

Feature selection Training set

Pre-processing

Testing set

FIGURE 3 | Neural decoding system architecture. After pre-processig the neural data, feature selection was performed. During #old segmentation, the entire data
set was divided into 10-folds. 9-folds were used for trainig and the 10th-fold was used for validation. This process wasepeated 10 times until each fold served as a
validation fold. The 9-fold training data was further divietl into 3-folds for parameter estimation of the SVM. Validan error and parameters of the SVM were

estimated using a nested cross-validation loop.

Channel 87 : Raw neural signal
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FIGURE 4 | Raw neural recording on channel 87. The 30 s recording consied of multiple different trials. The raw neural recordingroeach was Itered using a
high-pass Butterworth of cut-off frequency 250 Hz (channe87 was chosen at random). The MATLAB function 1t It ” was used to lter the neural signal to ensure

zero-phase distortion.
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must focus its attentiorfilter or Criterionbased feature selection iteratively uses various combinations of features as inpuat
and Wrapperbased feature selection are two broad categories ofiachine learning algorithm and evaluates the importanceche
feature selection that are commonly applied in machine leagni feature based on some evaluation criteria from the predictio
(Kohavi and John, 1997 Application of statistical, empirical such as coe cient of determination . Ideally, it is advisable

or other “criteria” based methods such as mean, variancép use the same machine learning algorithm as a classi er and
studentst-test and correlation are some examples of criteriora wrapper for feature selection. Oftentimes, it is also vakiabl
based feature selection. Applying criterion based featleetsen to use a simpler, computationally e cient machine learning
requires some domain expertise in order to determine whaalgorithm as a substitute wrapper. For example, SVMs are an
quali es as a useful criteria. Wrapper based feature selectice cient but computationally intensive solution to solve the

100 Multi-unit recording on Channel 87

50

Amplitude (1V)

-150

_200 1 1 1 1 1 1 1 1 1
0 0.2 0.4 0.6 0.8 1 1.2 1.4 1.6 1.8 2

Time (ms)

FIGURE 5 | Mean of isolated single-units neural activity on Channel 8Channel 87 contained three individual single-units posspike-sorting. Since there was more
than one single-unit recorded on channel 87, the single-unhand multi-unit ring rates were different. For single-unitring rate, each single-unit was treated as an
individual source of information. Whereas for multi-unit ing rate, the single-units were treated as one and the ring ree was computed. The shaded region around
the mean action potential corresponds to the standard erroof the action potential waveforms.

Number of neural features
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FIGURE 6 | Number of single-unit features, multi-unit features and maber of active electrodes with any neural activity. The bluplot corresponds to the number of
isolated single units, red-asterisk plot corresponds to te number of active electrodes with multi-unit activity andte red-circle plot corresponds to the number of
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problem of face recognition by computing key points (that actthe RBF kernel) were estimated using an exhaustive grid search
as features) on the face. Using SVM as a wrapper in this caaigorithm with exponentially increasing values from 1le-5 to
would demand access to a lot of resources (in terms of clslsterle5. Classi cation accuracy was calculated after predistieere

and still be time consuming. An alternative to using SVM inmade on the unseen test set. This process was repeated 20 times
this case would be using a simpler algorithm such as Logistio reduce generalization error of the SVIigure 3).

regression. Care should be taken to ensure both the algosth
have similar assumptions about the data such as nonlinearity

heteroscedasticity of noise. Pre-processing

The MEA is a 10 10 grid of 1 mm tall electrodes that

are capable of recording APs in addition to LFPRsSo(se
METHODS et al., 2006 The MEA data were sampled at 30 kHz. Neural

) o ~data collected using the MEA were sorted oine using an

Approval for the animal use protocol in this study was Obta'nEdexpectation-maximization based competitive mixture of
from the University of Utah Institutional Animal Care and Use jistributions decomposition algorithmShoham et al., 2003
Committee (IACUC). All procedures conformed to National pata were then imported to Matlab (Mathworks) for further
Institute of Health (NIH) standards for animal care. The analysis. The time stamps of APs recorded at 30kHz were
recording setup, behavioral task, data collection and prelan downsampled to 600 Hz. A boxcar moving average window of
data processing approaches are explained elsewheke(etal., 300 ms width and 33.3 ms step size was used to obtain a moving
2009. A 96 channel microelectrode array (MEA, Blackrockaverage ring rate Davis et al., 206 Electrodes in the motor
Microsystems) was implanted in the hand area of primarycortex can record from more than one neuron. The features
motor cortex of a male macaca mulatta. The NHP was trainedyiracted from neural signals recorded from such electsode
to perform cued combined exions of the thumb, index and 4e called “multi-unit’ ring rate. However, the neural autfy
middle nger and individual exions and extensions of thers@  yecorded on such electrodes can be separated using techniques
digits using a manipulandum. Visual cues were provided using
a computer screen placed in front of the monkey. In order to
start a trial, the monkey had to relax all its ngers moving
all of the nger switches in the manipulandum to the open Selecting optimal number of multi-unit features
state. After a randomized wait time of 1,000-3,000 ms, aabisu ~ '* : ! ' ‘ :
cue indicating which nger(s) to ex/extend appeared on the
computer screen. The monkey then had 2,000 ms to react to the
visual cue and depress the associated switch. Once the torrec st
switch was pressed, the monkey had to hold the switch far
500 ms. The trial was deemed successful if the monkey pressec
the correct switch and adhered to the time constraints. The
behavioral task was implemented using a real-time operations
systems in a custom LabVIEW (National Instruments) program

- -@

90

60

Classification accuracy (%)

Neural Decoding System Architecture aof Sl .
Neural data recorded from the NHP was spike sorted. The —— Principal component analysis
timestamp of spike events was obtained from the oine 0f e IR
sorter. Pre-processing also included binning/moving agera ‘ . OMa*f““my A
windowing of the point process using a boxcar window. After % 5 10 15 20 25 30
applying the moving average technique, neural “ ring ratef fo Namber ofmpld-dnitigaires

each single or multi-unit was obtained. Neural ring rate sva , ) o

d the feature vector (inout) to the SVM. Neural activit FIGURE 7 | Selecting optimal number of multi-units. The plot above shas the
used as ; ( p ) ' h Y cross validated accuracy of feature selection algorithmsof increasing number
corresponding to each successful nger movement trial Was of multi-unit features. The solid circle (cyan) in each gréxshows the maximum
extracted and concatenated. The entire dataset was rarydomlcross-validated accuracy for a feature selection algoritn. The number of
divided into 10-folds. Each fold served as the testing seeon| single ‘IN m“';i'“”iftffeat“fes CTOi:feSPP“dingdtO this ZCCU'W was Zhoseh” asthe

; . s optimal number of features. The points and error bars corrgzond to the mean
Vh\/llr(l)l(lieelds;?alf]:c::;r;hzurcim:lsmggx fgl(?rfst\;\:iﬁt (L(j:s)egn]:jorsitgr?r;r;m(?(; and standard error of maximum cross-validated accuracy resectively.

=

TABLE 1 | Feature selection algorithms and their respective optimalumber of features on post-implantation day 36.

Wilcoxon signed-rank test Relative importance PCA MIM Rando m features
Multi-unit 9 (50.48%) 19 (92.07%) 18 (92.88%) 25 (93.71%) 2(88.28%)
Single-unit 19 (89.84%) 21 (90.53%) 16 (93.19%) 25 (95.71%) 17 (85.27%)
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such as Principal Component Analysis (PCA), Expectationi0Hz was used prior to downsampling the neural ring rate to
Maximization algorithm or Independent Component Analysis 20 Hz and the neural ring rate was obtained as a time varying
(Lewicki, 199% Features extracted from such individual, isolatedvector. This process was repeated for all 96 electrodes tinobta

neurons are called “single-unit” ring rate. The moving asge

multi-unit neural ring rate, i.e., the cumulative ring rge of all

ring rate was downsampled in order to reduce data size. Aneuronsrecorded on a particular electrode. An average o142

4th order low pass Butterworth Iter with a cut-o frequencyfo

100

Selecting optimal number of single-unit features

e

0

80

70

60

50

Classification accuracy (%)

—— Wilcoxon signed-rank
— Relative importance
—— Principal component analysis

40t

30+ “' Mutual information maximization | _|
—— Random selection
I @© Max accuracy

20 L L I L L
0 5 10 15 20 25 30

Number of single-unit features

FIGURE 8 | Selecting optimal number of single-units. The plot above shws
the cross validated accuracy of feature selection algoriths for increasing
number of single-unit features. The solid circle (cyan) iraeh graph shows the
maximum cross-validated accuracy for a feature selectionlgorithm. The
number of single or multi-unit features corresponding to tis accuracy was
chosen as the optimal number of features. The points and errdbars
correspond to the mean and standard error of maximum cross-glidated
accuracy respectively.

36.3 neural units were recording from 96 electrodes duriache
session. Spike-sorting was performed on all neural data fcn ea
experimental recording session separately from other rengrd
sessions.

Data from individual trials was aligned in time on switch
closure times of successful trials. A movement period wasei@& n
as the duration corresponding to 450 ms prior and 1,000 ms after
the switch closure. A baseline period (resting state) fored wvas
de ned as the duration corresponding to 2,500-1,000 ms pior t
switch closure. Baseline and movement period data was aatain
for all available degrees of freedom and all successfus tiga
each day experiments were conducted and represented a vector
of time-series data.

Feature Selection
In this study, we have limited our comparisons to criteria lshse
feature selection methods.

Wilcoxon Signed-Rank Test

Wilcoxon signed-rank test is a non-parametric alternative to
the studentst-test. This non-parametric test can be used to
identify if samples from two independent yet related distrilouis

are signi cantly dierent (Randles, 1998 In the context of
selecting single or multi-unit data as input to the SVM, the
di erence between baseline and movement related ring ragsw
computed. The null hypothesis was that the data came from a
continuous, symmetric distribution with a median equal tera
(i.e., no electrode recorded increased ring rates in theveroent

100

Performance on post-implantation day 36

80

60

40

20

Classification accuracy (%)

—Multi-unit firing rate
——Single-unit firing rate

Wilcoxon Relative importance

PCA
Feature selection algorithm

FIGURE 9 | Accuracy of neural decode on post-implantation day 36. Clasi cation accuracy of feature selection algorithms on the tet set using cross validated
optimal number of features. The plots in black and red corrgsond to classi cation accuracy obtained using multi-unit ring rate and single-unit ring rate respectively.
Level of chance was 10% (10 degrees of freedom). The centraldx represents the central 50% of the data with the top and botbm sides of the central box
representing the 75% quantile and 25% quantile respectivgl The central line in the central box represents the medianfahe central 50% of the data. The vertical lines
extending above and below the central box represent the remaing data that are not regarded as outliers.

MIM Random features
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period as compared to the baseline period). Electrodes fortwhicvariance. For a multivariate dataset that can be represeinted

the null hypothesis was rejecteg € 0.001) with a positive a high-dimensional space, PCA provides a better representatio

median di erence from baseline were kept. These electrodes wein low-dimensional space from an “informative” viewpoint. ish

then sorted in order of increasing median di erence. For theis done by considering only the rst few principal components

purpose of feature selection, the median di erence was computeahd thus, PCA serves as a dimensionality reduction methbd. T

as a scalar to select features (single unit/multi-unit). features extracted using PCA were ranked based on the amount
of variance explained by the individual principal components.

Relative Importance . L

Relative importance was a feature selection technique ligitia MUtual Information Maximization

developed for selecting neurons in the primary motor cortex fo Mutual information is the mutual dependence of two random

decoding Kim et al., 201} First the movement only ring rate variables. Unlike correlaﬂo_n, mutual |nformat|on is not_lltad

(di erence of movement and baseline ring rate) was computed [0 éal-valued random variables and estimates how simfiar t

The trial averaged ring rate for each neuron for all the sessful 10int distribution P(X|Y) is to the products of the factored

trials was calculated. Then, the inter-movement varianees w Marginal distribution P(X) and P(Y)Torkkola, 200} Entropy

computed as the dierence of trial averaged ring rate and®f@random variable C can be de ned as:

the average ring of a neuron for a particular movement. The

neural recordings were then ranked in descending order t&fin H.C/D P.dlog(P.d)

movement variance. For the purpose of feature selection, the ¢

inter movement variance was computed as a scalar to ranne conditional entropy of two random variables C and Y can be
features (single/multi-unit). de ned as:

Principal Component Analysis _ _ H.CjY/ D X P gy log P gy dy

PCA can be used as a feature transformation technique, where c

a transform function is applied to the data to represent it in

a h|gher dimensional transform space. For ari limensional Then, the mutual information of random variables C (neural
possibly correlated data, PCA represents the data in aljn 'ng rate) and Y (movement type) can be de ned as the I(C;Y)
dimensional space in linearly uncorrelated principal companenD H(C) — H(C[Y) and can be represented as:

coordinates {olli e, 2002; Lu et al., 200.7The transformation .

is carried out in such a way that the rst principal component |.CjY/ D P(Gy)

contains the maximum possible variance of the data. The P.d P(y)

succeeding principal components are ordered in descending

order of variance. This transformation of data accordingfte =~ Mutual Information maximization (MIM) was implemented
variance at each time point can be used to eliminate noiseising the FEAST Toolbox available for MATLABrown et al.,
but does not necessarily extract discriminative featulesural  2019. For a class label Y, the mutual information score of featur
ring rates corresponding to each movement was provided ag is de ned as:

an input to PCA. The operation of PCA can be thought of

as revealing the internal structure of the data based on its J(C)D I(CjY)

P gy log
c y

Simulated failure : multi-unit features
T

T T T T

100 T T T T

——Wilcoxon signed-rank test LM\I
20 —Relative importance
— Principal component analysis

Mutual information maximization
Random selection

Classification accuracy(%)

1 L 1 1 L 1
100 90 80 70 60 50 40 30 20 10
Percentage of multi-unit features (%)

FIGURE 10 | Robustness to simulated failure of multi-unit features. Thplot above shows the cross-validated classi cation accuray at various failure levels. Error
bars indicate standard error of the cross validation folds.

Frontiers in Neuroscience | www.frontiersin.org 8 February 2018 | Volume 12 | Article 22


https://www.frontiersin.org/journals/neuroscience
https://www.frontiersin.org
https://www.frontiersin.org/journals/neuroscience#articles

Padmanaban et al. Feature Selection for Neural Decoding

This score J(C) is referred to as MIM and we rank the featuresan be expanded to solve multiclass problems by decomposing
in descending order of the mutual information score. Neuralit into multiple binary sub-problems Hsu and Lin, 2002;
ring rates corresponding to movement period for each degreébuan and Keerthi, 2005 We used a one-vs.-one multiclass
of freedom was used as the input to MIM algorithm. implementation of the SVM to dierentiate between the

. many available movements. For a problem of classifyikig “
Support Vector MaChme . classes, we requir@% binary SVM classi ers for each pair
Support vector machines (SVM) have shown promising resultss yhe ¢ classes. The class of a test instance is predicted by
in upper extremity decoding tasks using various source sgnalaying the mode of predictions of all the one-vs.-one SVM
such as MEG, EEG, ECoG, and EM&tter and van der Smagt, pairs.
2006; Demirer etal., 2009; Quandt etal., 2012; Wisse| 20413. In addition to extracting neural activity corresponding to
SVMiis a class of non-probabilistic, binary, linear class{latt, | 5jig trials for all available degrees of freedom for a pattic
1999. SVMs represent the data in higher dimensional space a”éjession, we included 30 random baseline periods as a “rest”
nd the be;t separating hyperplane in this space. The objgcﬁve Phase (11th degree of freedom). During the training phase of
the SVMiis to nd a hyperplane that has the maximum distancegseryised learning algorithms such as SVM, the algorithm
from a point belonging to any class. Such a classi er is alsg, st he provided with corresponding outputs (class labelsg Th
called a maximum margin classi er whose generalization BIT0|4q5 |abels were created depending on the movement type. For

is low. During training, each point in the training set is agséd a example, thumb exion was encoded as 1, index exion as 2,
weighta. Those points with training weighta 6D 0 are called ,iqqle nger exion as 3 and so on.

the support vectors since, they help forming the hyperplane.

In case of linearly non-separable cases, a soft margin elassi .

is implemented which allows for misclassi ed instances. Non Performan(_:e Metrl_cs .
linear problems can be solved by using the “kernel trick” inThe rst step in assessing the performance of feature selecti

the SVM. Kernel functions map data into a higher dimensional}[nethOdS wlas _to ndl the_ I;)ptm;]al ntL)meerl of f_ea(;ur(;s fgr each
space where, the hyperplane is now formed. Gaussian (radiaature selection algorithm t ‘?‘t est classie ) the i erent
nger movements and the resting state. For this purpose, all

basis function) kernel was employed in our classi cation pgesb - ) . - L
available successful trials in a session were split into a 70%

to account for non-linearity in the input-output relationshi o I .
Gaussian kernel K(x,x") for two samples x and x' de ned as éor raining and the remaining 30% for testing. A 10-fold
feature vector in some predictor space is de ned by: cross validation routine was performed to reduce variapilit

performance estimates during validation. For a given inpuada
jix  x9j2 (multi-unit or single-unit ring rate), the features were nked
T o2 based on the results of the feature selection algorithms Th
extracted features were ordered and selected in a desgendin
where is a free parameter that de nes the smoothness of therder based on their ranking by each feature selection ntetho
Gaussian kernel. with the best features being selected rst. We iteratively
SVMs are inherently binary classiers, i.e., they canincremented one feature (neural ring rate on a single alede
distinguish between only two classes. Their functionalityor from an isolated neuron) at a time and used it as an

K x,x° D exp

FIGURE 11 | Robustness to simulated failure of units. The plot above shas the cross-validated classi cation accuracy at various féure levels. Mutual information
maximization based feature selection had a classi cation amuracy of 90.79% with just 10% of the neural units as featureector. Error bars indicate the standard error
of classi cation accuracy.
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input to the classier to identify the optimal number of optimal number of features was computed. Decoding accuracy
features. In order to evaluate the performance of featurefor a feature selection algorithm on a particular day was then
selected at random, we also included random multi-unit andcalculated using the cross validated optimal features.

isolated unit ring rate feature to compare with the other

methods.

Robustness to Simulated Failure RESULTS

The performance of the brain machine interface (BMI) can . .

be in uenced by the quantity of neural information availabl Quality of Neural Recordings

for decode. Previous research has shown that there is He raw neural data was high-pass Itered using a Butterworth
signi cant decrease in the signal to noise ratio of the néura lter with a cut-o frequency of 250Hz Figure4). To
signals and a steady decrease in impedance of the recordifl§monstrate the quality of neural recordings used in this psia|
electrodes over time\fetter et al., 2004; House et al., 206 We extracted a 30s neural recording on a randomly selected
There can be a steady decrease in the number of electrodeannel (channel 87). PCA followed by k-means clustering was
that record APs, which can have a deleterious e ect on gmperformed to separate the isolated units and noise. In Channel
performance. AP recordings can also be aected due to glift7, there were 3 isolated single-unitSigure ). Single-unit
scarring or electrode location changesrién and Eckhorn, fing rate was obtained by treating the isolated neural snits
2000; Leopold and Logothetis, 2003; O'Leary and Hatsopomdgl,dividual sources of information. Therefore, we obtainadee
2006; Stark and Abeles, 2007; Berens et al., 2008; Jia et Siigle-unit ring rates for channel 87 by treating singleit:2,
2017). Feature selection algorithms should be robust enough t§. and 4 as individual sources of information. Multi-unit rop
handle the sudden losses in neural information over time. Ifate was obtained by treating the individual single-unisscae
order to test the endurance of the feature selection algorit, ~ Source of information. Therefore, we accrued the neurabagt

we randomly dropped 10's of percent of the available neurddf the single-units and obtained one multi-unit ring rate ifo
ring rate and tested its performance. The random removalchannel 87. To summarize, the number of multi-unit features

procedure was repeated 20 times to reduce generalizatidh €qual to the number of active electrodes (irrespectivenef t

bias. number of isolated units it was recording). Whereas, the bem
of single-unit features is equal to the number of isolatedtsini
Longevity of Neural Decodes Spike sorting was performed individually on all data from each

BMI are devices which will be used over an extended periodession.

of time. In order to be useful the neuroprosthetic device must The number of single and multi-unit features was calculated
be capable of accurate performance over this extended perigHBigure 6). For the 1st session on post-implantation day 9 there
of time. We present here the chronic decoding results of 4Wwere 92 electrodes (red-circle plot; out of a possible 96) with
sessions collected over 142 days. Spike-sorting was pedormeny neural activity (single and/or multi-unit recordings39
individually on each of the 47 sessions. For a given sesh®n telectrodes (red-asterisks; out of 92) had multi-unit retings,

FIGURE 12 | Longevity of neural decodes using multi-unit ring rate. Hig levels of accuracy over an extended period of time is impetae for a fully functional
neuroprosthesis. On certain days, two sessions of recordigs were conducted. Repeated x-axis indices (Number of days @st-implantation) in the above gure
correspond to different sessions conducted on the same day.
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i.e., more than one isolated single unit, and 378 isolatedls  performance of single-unit and multi-unit features selected

units (on the 92 electrodes). using PCA and MIM (Two samplé-test,p < 0.05). Whereas,
single-unit features selected using Wilcoxon signed-rank
Selecting Optimal Number of Features test and Relative Importance performed signi cantly better

The optimal number of features for various feature selectiothan the multi-unit features selected using the respective
algorithms on post-implantation 36 was di eringiéble 1). The  algorithms Eigure 9).

classi cation accuracy for incremental values of number of . .
features was plottedFigures 7 8). Robustness to Simulated Failure

The values inTable 1 correspond to the optimal number There was a total of 96 multi-unit features and 350 singlé-un

of features (values outside the parentheses) and maximuffatures from neural data recorded from post-implantation day
cross-validated accuracy (values within the parenthesgigh 36 available for this analysis (corresponding to_lOO_% of feaju
an exception of Wilcoxon signed-rank test, the other featurd nerefore, for the 10% case there was 9 multi-unit features a

selection algorithms did not show signi cant changes (two35 single-unit features. There is a general trend of deciiedke
samplet-test, p < 0.05) from using multi-unit and single- Performance of feature selection algorithms when we deereas

unit ring rate both in terms of number of optimal features the number of features from 100 to 10%. While using multi-
and classi cation accuracy (less than 3% dierence in Unit ring rate, the performance of PCA was best at 64.82
classi cation accuracy and 1 feature). In case of Wilcoxon 2-27% for 10% of multi-unit features, whereas the perforneanc
signed-rank test, the number of optimal features increase@f Wilcoxon signed-rank test was 21.080.63%. When we used
from 9 features for multi-unit ring rate to 19 feature for single-unit ring rate as the feature vector, the robustness t
single-unit ring rate. The classication accuracy imprave simulated failure was higher for all feature selection atgms
from 51.12 0.65% for multi-unit ring rate to 88.12 when compared to their respective multi-unit ring rate. In
0.61% for single-unit ring rate Figures 7 8). The number of case of Wilcoxon signed-rank test there was 0% increase
optimal features for multi-unit features using Wilcoxon segh  in classi cation accuracy while there was a0% increase in
rank test stops at 9 features because this feature selectiolassi cation accuracy for MIM based feature selection. The
methods returned only 9 multi-unit features as having aperformance of MIM feature selection for single-unit ring
signi cant di erence between the movement and baselinerate stayed above 90% classi cation accuracy even while using
period. only 10% of the available units. MIM based single-unit feature
The performance of the various feature selection methodgerformed signi cantly better than all of the other algoritis
was analyzed on a randomly selected session (post-implantatifor all levels of simulated failure (100-10%) (Kruskal-\igatst,
day 36). On post-implantation day 36, MIM performed p< 0.05) Figures 1Q11).
signi cantly better than the other algorithms and random
selection (two sampletest,p< 0.05.a — values calculated using Longevity of Neural Decodes
Bonferroni correction to account for multiple comparisons The improvement in classi cation accuracy from multi-unio t
correction). There was no signicant dierence in the single-unit ring rate requires an AP isolating pre-processin

FIGURE 13 | Longevity of neural decodes using single-unit ring rate. Té optimal number of features for each feature selection teatique was identi ed using an
iterative cross validation scheme. For a given day, cross lidation and performance evaluation were computed as desdped in section Performance Metrics.
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TABLE 2 | Longevity of neural decoding. to work with 100% accuracy for all di erent types of movement.
, , . To increase user compliance and ease of use, feature selection
Wilcoxon Relative Principal Random . . . .
! ) . algorithms must yield accuracies as close to 100% as possible.
signed-rank importance component selection S . . ) T i I
test analysis Misclassi cations in prediction can impede or in the worst-
case cause physical damage to the user and/or people around
Multi-unit 46 21 13 45 them. Misclassi cations in real time prediction can lead to
Single-unit 45 32 13 45 undamaging mishaps that might still be critical in accomplighi
The values in this table correspond to the number of sessions during whicMIM yielded tankS such as S|IpS while h0|d|ng a cup of _CO ee O-I’ other
higher decoding accuracies compared to the other methods. Ob]eCtS that mlght steer the user away frome Clently using the

prosthesis for activities of daily living. We also speculate with
increasing misclassi cations, user acceptance and perfocman

procedure. Relative importance, PCA and MIM had comparablt'amght deteriorate _non-lmea_lrly. . . .
Feature selection algorithms operate in various mechanisms

accuracies across 47 sessions and performed better tthd erform siani cantly better than level of chance and
randomly selected featureBigures 12 13). P 9 y

randomly selected features. While Wilcoxon signed-rangt,te

Assessing the chronic decoding capability of various fmturRelative Importance and MIM retain the innate properties of

selection methods, MIM produced the best results for bOt[}he feature space (in terms of retaining it in time domain),A~C

ingle-unit and multi-uni ring r le?. Th

singie-u t and .Ut unit. based g rate Table 3 € ransforms the features to uncorrelated, orthogonallyated

decoding accuracies of MIM based feature selection was. . . .
S ) rincipal component axes. It is interesting to note that for

compared to the other methods used in this analysis (two sample

. . . “many sessions, PCA has comparable performance as MIM.
t-test,p< 0.05a—values calculated using Bonferroni correction " : . S
. . ) Exploiting this property of PCA and the noise reduction it
to account for multiple comparisons correction). In general, rovides innatelv. it will be interesting to proaram alaoritem
single-unit ring rate feature vector yielded slightly bet ( 3— P y: g lo prog 9

AR that do not require re-training for each session. This would
4% on average) performance compared to multi-unit ring rate . : . : .
! ; be a signi cant improvement in terms of user experience since
feature vector for all feature selection methods except \Wdoo training time is usually of the order of 2030 min (performi
signed-rank test. The chronic decoding results also vididae 9 y P g

S . . . L " training trials and parameter selection for the feature st
viability of using a neuroprosthetic device with high classion . - . . .
. o and machine learning algorithm) which might be monotonous
accuracies{90% classi cation accuracy on average). :
. N . . and tiresome.
Isolating the APs from individual neurons is routinely . . .
. ) Global models, i.e., models that are trained on multiple
performed on neural recordings from microelectrodes. We

have shown that by applying feature selection technigues t%ubjects and then tested on data from an unseen test subject ar

single-unit and multi-unit ring rates, we can get comparabl used for categorizing subjects into groups, e.g., diagnosis. Fo

. S . such an application, a subject-wise cross validation appragch i
performance over a chronic level. However, utilizing single-

unit ring rates demonstrated better performance than muilti preferre.d. Subject speci ¢ models, i.e., models that are echin
unit ring rates when the number of active electrodes on multiple segments of past data and then tested on unseen

current data in a single subject are used for estimation of the
decreased. . - . .
current state of a given subject, e.g., prognosis. The apprepriat
approach is needed to approximate the use-case in machine
DISCUSSION learning Gaeb et al., 20).7We are developing a model that
is unigue to each subject, therefore, the appropriate method of
Feature selection is an e cient method to cope with thecross validation is by partitioning the training and testisgts
“curse of dimensionality.” As explained in the previous sewii  sequentially based on time from an individual subject rathe
performing feature selection increases the amount of daghith  than across multiple subjects. It is also not scienti callgwate
bounded by the mean 1 standard deviation region. Reducing to group data from di erent subjects as the placement of the
the dimensionality of neural data from a few hundred featut®@ electrode grids relative to the anatomy of the motor cortex
an average of 20 features, increases the amount of data bdundwill vary from subject to subject, resulting in a unique sphatia
by the mean 1 standard deviation region exponentially. sampling of the neurological data from each subject. Using a
Therefore, the sparsity of data points in the feature space ®mubject specic approach an intracortical prosthesis allowing
reduced. In addition to reducing the sparsity, feature s@ec people with paralysis to communicate using a virtual keyboard
algorithms also inundate the feature space with more relevareen demonstratedP@ndarinath et al., 20).7We believe that
information based on some criteriés(yon and Elissee , 2003  developing subject speci c models is the appropriate method for
In a way, feature selection can be thought of as a procedure tieveloping BCIs.
“prune” the feature space with only “informative” featured.the One of the limitations of developing subject speci ¢ models
feature selection algorithms consistently performed ettten  for clinical applications is the lack of generalization asros
the randomly selected features. This signi cant improvetian subjects. The data used in this study was recorded from the
performance adds 10% accuracy in case of both multi-unit primary motor cortex of a healthy NHP. The primary motor
and single-unit features compared to randomly selectedifeat cortex is a relatively well-understood part of the brain wder
Ideally in real world applications, we would expect the prosthes the ring of APs is correlated and causally related to moveine
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The somatotopic and cytoarchitectonic structure of the pniyna classes, especially when the number of neural units decréikee

motor cortex is conserved across primates. Therefore, ifasra in a simulated failure model).

assumption that the primary motor cortex of this animal is a Neural decoding algorithms must also be reliable over a

standard representation of the primary motor cortex of pringate long duration of time. In this paper, we also present results

Although it is impossible to predict the global performance ofof various feature selection algorithms over 47 sessions of

an algorithmic approacta priori, given the conserved structure neural decode. Across all the sessions, single-unit andi-mul

of the primary motor cortex, we believe that general trendsunit features had comparable performances for multiple types

presented in our analysis will still be transferable acrotgests  of movements. According to our results, for 60% of the session

and to similar neuroprosthetic applications. there was a signi cant di erence between the performance of
In this study, we have tested the feature selection algmsth single and multi-unit features. Although there is an averadéo

based on scenarios encountered with real-world neural .daténcrease in performance when using single-unit featuresyites

Loss of active single and multi-units over a long duration ofwith a trade-o of expensive computation. This computational

time has been observed and reported in various studies. llatency can also manifest in the form of execution delaysef t

order to make a neuroprosthesis commercially and practicallyieuroprosthesis while performing a task which might directly

viable, the algorithm must be robust to handle reduction ofa ect user performance. We speculate that MIM performs better

available features. We have reported the performance ofreatuacross all three performance metrics as it maximizes the class

selection algorithms when subjected to a reduced subset ebnditional entropies of features in the predictor space. Fatu

features. We achieved accuracies several folds aboveoleveknalysis will investigate the stability of neural decodeabifity

chance with only 10% of the single-unit features using MIMof neural decodes refers to the performance of a trained model

based feature selection. One of the main reasons for theofossover time without updating the model. The stability of neural

active single and multi-units is due to physiological initians  decoding models will impact how often a user will need to retrain

at the tissue-electrode interface. With technology abéglat our  the classi er model.

disposal today, the only way to cope with such physiological

interactions might be to replace the micro-electrode arraglit ETHICS STATEMENT
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