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Abstract
Objective. Bioelectronic medicine is opening new perspectives for the treatment of some major
chronic diseases through the physical modulation of autonomic nervous system activity. Being the
main peripheral route for electrical signals between central nervous system and visceral organs, the
vagus nerve (VN) is one of the most promising targets. Closed-loop VN stimulation (VNS) would
be crucial to increase effectiveness of this approach. Therefore, the extrapolation of useful
physiological information from VN electrical activity would represent an invaluable source for
single-target applications. Here, we present an advanced decoding algorithm novel to VN studies
and properly detecting different functional changes from VN signals. Approach. VN signals were
recorded using intraneural electrodes in anaesthetized pigs during cardiovascular and respiratory
challenges mimicking increases in arterial blood pressure, tidal volume and respiratory rate. We
developed a decoding algorithm that combines discrete wavelet transformation, principal
component analysis, and ensemble learning made of classification trees.Main results. The new
decoding algorithm robustly achieved high accuracy levels in identifying different functional
changes and discriminating among them. Interestingly our findings suggest that electrodes
positioning plays an important role on decoding performances. We also introduced a new index for
the characterization of recording and decoding performance of neural interfaces. Finally, by
combining an anatomically validated hybrid neural model and discrimination analysis, we
provided new evidence suggesting a functional topographical organization of VN fascicles.
Significance. This study represents an important step towards the comprehension of VN signaling,
paving the way for the development of effective closed-loop VNS systems.

1. Introduction

The autonomic nervous system (ANS) plays a crucial
role in the self-governed maintenance of body
homeostasis. In ANS peripheral nerves, afferent
and efferent fibers run together, providing bidirec-
tional communication between specific circuits of

the central nervous system and visceral organs. The
artificial modulation of this complex circuitry is the
challenging goal of bioelectronic medicine (BM), a
highly promising alternative to some limited phar-
macological treatments [1–4]. Among the main ANS
nerves, the vagus nerve (VN) represents a privileged
target as it modulates vital functions like respiration,
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circulation and the digestion [5]. VN stimulation
(VNS) of cervical segments has shown a great poten-
tial for the treatment of a wide range of pathological
conditions such as epilepsy [6], chronic heart failure
[7], and inflammatory diseases [8, 9]. However, the
formidable amount of afferent and efferent signals
that simultaneously cross this VN segment, the VNS
side-effects [10] and the discovery of VN involvement
in the regulation of complex functions like immunity
[11] or central neuroplasticity [12, 13] highlight the
need for high precision and selectivity. In an ideal
scenario, the therapeutic stimulation or inhibition of
VN or any other ANS nerve should be: (a) selectively
directed to specific efferent or afferent fibers and (b)
regulated by a closed-loop control, thus adapting the
stimulation to the evolving conditions of the patients
[14–17]. Importantly, the co-existence of afferent and
efferent signals in the VN points to the possibility that
the feedback loop is originated and closed at the same
anatomical site. Nonetheless, VNS applications are
realized using epineural cuff-like electrodes, because
of their relatively low invasiveness and versatility for
chronic implants [18–21].

Different strategies have been recently adopted to
extract function-specific markers from neural activ-
ity using epineural electrodes [4, 22–26]. Specific
neurograms related to the respiratory cycle [22, 23]
and blood pressure fluctuations [4] were recorded
from pig VN using bipolar/tripolar ring cuff elec-
trodes, while decoding strategies and methodological
frameworks led to the identification of cytokine- and
hypoglycemia/hyperglycemia-specific neural activity
markers in murine VN and carotid sinus nerve
[24–26]. However, epineural electrodes often dis-
play a limited selectivity and can only record the
compound activity that provides a global picture of
neural signal trafficking [27–29]. Therefore, intran-
eural electrodes have been developed and success-
fully employed to enhance selectivity and increase the
signal-to-noise ratio of recordings [30, 31] in somatic
nerves [14, 17, 31, 32]. Nevertheless, this technology
has received very limited attention for VN applica-
tions. To date, intraneural recordings in VNs have
been obtained in humans [33], using an ultrasound-
guided microneurography approach that is very con-
venient for minimally invasive signal acquisition, but
not for closed-loop stimulations, and in pigs [34], in
which neural activity was assessed only at the steady
state with limited signal recording capacity (i.e. four-
channel electrode longitudinally implanted).

Here, we performed the first comprehensive study
testing intraneural VN recording for the identifica-
tion of specific signals elicited by changes in physiolo-
gical parameters. To this aim, we recorded VN activ-
ity through intraneural multi-channel electrodes in
anaesthetized pigs at baseline and during alterations
in blood pressure and respiratory parameters, collect-
ively named ‘functional challenges’. Different from
rodents, but similar to humans, axons of porcine

VN are clustered to form multiple fascicles [35].
Therefore, to discriminate between nerve activity at
baseline and during functional challenges and to
investigate a possible functional organization of VN
fascicles, we developed novel decoding algorithms
and hybrid modeling framework.

2. Materials andmethods

2.1. Animals
This study was conducted in six castrated male farm
pigs (Sus Scrofa Domesticus) 3–4 month old and
weighing 30–40 kg. The animals were housed in the
vivarium at controlled room temperature (24 ◦C)
and fasted overnight before anesthesia with free
access to water. All animal handling and exper-
imental procedures were performed according to
European Community guidelines (EC Council Dir-
ective 2010/63).The animal protocol was approved by
the Italian Ministry of Health and was in accordance
with the Italian law (D.lgs. 26/2014).

2.2. Anesthesia andmonitoring of physiological
parameters
On the day of the experiment, pigs were anesthet-
ized and prepared for surgery as previously described
by us [36]. They were sedated with a cocktail of
4 mg kg−1 tiletamine hydrochloride and 4 mg kg−1

zolazepam hydrochloride injected intramuscularly,
intubated and mechanically ventilated. The respirat-
ory frequency was fixed to ten respiratory cycles per
minute and the tidal volume (TV) to 10 ml kg−1. The
combination of these respiratory parameters resulted
in PaO2 > 100mmHg, PaCO2 < 40mmHg and arter-
ial blood pH in the range of 7.4–7.45. Arterial blood
gases analysis was repeated at least every 30 min. A
pulse oximeter was applied on the tongue to con-
tinuously monitor arterial oxygen saturation, which
was stably above 96% for the duration of the exper-
iment. Inhalatory anesthesia was maintained with a
mixture of 1%–1.5% isoflurane dissolved in 79% air
and 21% oxygen. The respiratory pressure was recor-
ded by connecting the airflow of the ventilator to a
pressure transducer. Electrocardiogram (ECG) and
arterial systolic, diastolic and mean blood pressure
were constantly monitored and recorded. ECG was
recorded using Ag–AgCl surface electrodes and aortic
blood pressure was recorded using a solid-state pres-
sure transducer catheter (Millar, SPR-100) inserted
in the left femoral artery with the tip positioned in
the abdominal aorta. This catheter was also used to
withdraw arterial blood for blood gas analysis. Res-
piratory pressure, ECG and aortic blood pressure sig-
nals were sampled at 24 414 Hz, amplified, digitized
and low-pass filtered with downsampling (Butter-
worth fourth-order) at 10 Hz, 50 Hz, 25 Hz, respect-
ively (RZ5D BioAmp Processor, Pz5, Tucker-Davis
Technologies Inc., TDT, USA).
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Glycemia was checked every 30 min and before
each recording session to assess the stability of plasma
glucose levels above 100 mg/100 ml. The main ear
vein was cannulated for the intravenous administra-
tion of all the drugs.

2.3. Surgical preparation and electrode
implantations
The six pigs were named p1, p2, p3, p4, p5 and p6.
To isolate the cervical VN, a midline cervical incision
was made along a segment comprised between the
larynx and the sternum, as previously described by
us [37]. After identifying the neurovascular bundle
of the neck (common carotid artery, internal jugu-
lar vein and VN), the left (n = 3, p1, p2 and p3)
and right (n = 3, p4, p5 and p6) cervical VNs were
carefully separated from the common carotid artery
by blunt dissection, 3–4 cm above and below the
cricoid cartilage. The sympathetic trunk, attached
dorsally to the VN, was gently detached and pulled
apart. In all animals, electrodes were implanted in
the cervical VN at the level of the cricoid cartil-
age, which was used as an anatomical reference to
standardize implant positioning across animals. In
p1 and p2, the left VN was implanted with a trans-
verse intrafascicular multichannel electrode (TIME)
[38] endowed with ten active sites (p1–t1 and p2–t2),
following the same procedures described by Badia
et al [39]. Similarly, the right VN of p5 and p6
was implanted with two TIMEs each, endowed with
16 active sites, spaced 3–4 cm apart (p5–t3;p5–t4;
p6–t5;p6–t6). In p3 and p4, the left and right VNs,
respectively, were implanted with two self-opening
intraneural peripheral interfaces (SELINEs) endowed
with 13 (p3–s1,p3–s2) and 7–13 (p4–s3, p4–s4) active
sites, respectively, as described by Cutrone et al [40].
All the intraneural electrodes were inserted obliquely,
forming a 45◦ angle with the longitudinal axis of the
nerve, except for two SELINEs, one in p3 and one
in p4, that were inserted along the transverse axis. In
all the experiments, the ground electrode was inser-
ted under the skin of the left elbow of the animal.
See also (supplementary table 1 (available online at
stacks.iop.org/JNE/18/0460a2/mmedia)) for a sum-
mary description of electrode type and VN side in
each pig.

2.4. Tissue isolation and histology
At the end of the experiment, the anesthetized pigs
were euthanized by an intravenous injection of sat-
urated KCl solution. Intraneural electrodes were left
in place and the VN was cut 3 cm above and below
the insertion site and gently placed on a dedicated
support to avoid twisting. The VN samples were
then fixed in 4% paraformaldehyde for 18–20 h,
rinsed in PBS, dehydrated in a series of progressively
more concentrated solutions of ethanol/xylol and
finally embedded in paraffin wax. Transverse sections
(10 µm thick) were cut, deparaffinized, rehydrated,

processed for routine hematoxylin and eosin and
mounted in silane-coated slides. Images were cap-
turedwith 5×magnification by a LeicaDMRBmicro-
scope equipped with the DFC480 digital camera
(Leica Microsystems, Cambridge, UK). Sections at
the level of the implanted electrodes were aligned
andmanually segmented to study the electrode–nerve
interaction. The nerve was cross-sectioned for the
entire length of the implants, with the two SELINEs
fixed in site, and stained with hematoxylin and
eosin. Light microscopy observations of VN sections
showed the fascicular structure of the nerve and holes
caused by the electrode insertion, with SELINE poly-
imide strips preserved in a few slices. Nomacroscopic
and microscopic signs of hemorrhages were found.

2.5. In vivo recording of VN activity
Neural recordings started at least 30 min after elec-
trode implantation to allow for stabilization of the
nerve and of physiological parameters. The neural
signals were first acquired over 5 min at baseline, fol-
lowed by recording sessions in which physiological
parameters were altered (functional challenges). The
baseline conditionwas defined as the timewhenmean
aortic blood pressure (mean aortic BP) and heart rate
were found stable for at least 30 min after comple-
tion of electrodes implantation. We empirically con-
sidered these parameters stable if their variationswere
less than 5% across 5 min consecutive intervals.

At baseline, RR and TV were fixed at ten respir-
atory cycles per minute and 10 ml Kg−1, respect-
ively. The functional challenges (C) consisted of (a)
BPC, i.e. increase in mean aortic BP up to 150% of
the baseline value obtained with an intravenous infu-
sion of 80 ng kg−1 min−1 of Ang II (Sigma Aldrich),
a vasopressor with rapidly reversible effects [41] (b)
TVC, i.e. increase in TV to 125% of baseline value
in p2, p5, p6 and 200% ml in p3 and p4 for 2 min
and (c) RRC, i.e. increase in RR from 10 to 15 res-
piratory cycles/min in p2,p5, p6 and 20 respiratory
cycles/min in p3 and p4 for 2 min. We limited TV
increase to 125% and RR increase from 10 to 15 res-
piratory cycles/min in p2, p5 and p6 because lar-
ger increases caused significant (>5%) fluctuations of
systolic and diastolic BP values.

To obtain the desired vasopressor effect, AngII
infusion was maintained for 8.9± 1 min (n= 6) and
mean aortic BP increased from 78 ± 4.3 mm Hg up
to 114 ± 6.6 mmHg (n = 6). (see also supplement-
ary table 1 for a summary description of type of chal-
lenges in each pig).

These challenges were produced in random order
and each one was followed by a recovery period of at
least 5 min to let the physiological parameters return
to baseline values. These functional challenges and
the consequent changes in physiological parameters
were in the same range of the ones used and proved
suitable for neural VN recordings in anesthetized pigs
by Sevcencu et al [22]. Glycemia and blood gases
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were checked before and after the completion of each
functional challenge.

2.6. Data acquisition and decoding algorithm
VN raw multichannel signals were acquired at a fre-
quency sampling of 24.4 kHz, high pass filtered at
5 Hz and digitally amplified (RZ5D BioAmp Pro-
cessor, Pz5, Tucker-Davis Technologies Inc., TDT,
USA). Each channel of the raw recordings was seg-
mented by using a 1 s temporal window and rescaled
to zero mean and unitary standard deviation. Dis-
crete wavelet transform [42, 43], at a maximum level
equal to 4, was applied on the segmented portions
of each channel by using a symlet 7 wavelet function
[14, 44]. Approximation coefficients relative to fre-
quencies<

≈
1500 Hz were discarded in the subsequent

analysis. Principal component analysis on the mul-
tivariate wavelet details was applied independently at
two different scales [45] relative to frequency ranges
of ∼=1500–3000 Hz and 3000–6000 Hz, respectively.
The first three principal components (explaining the
majority of the variance of the dataset, i.e. >70%)
were retained to build a feature vector for the classi-
fication algorithm. For testing purposes, in each pig
we divided the dataset into K test = 3 cross-validation
folds at random.We, thus, calculated themean accur-
acy over the three different test sets to rule out con-
cerns on particular test set randomly selected.

Ensemble of classifiers was created by using a
boosting algorithm [46, 47]. In particular, the ran-
dom undersampling boosting (RUSBoost) technique
was considered to deal with class imbalance problem
[47, 48] (see supplementary table 1 for a summary
of the number of observation of each challenge in
each pig). The classifiers that are used in the ensemble
were trees [46, 47] . To optimize the hyperparameters
present in our ensemble, we applied a cross validation
scheme withK_opt = 5 fold (this was done in each one
of three different train data portions previously selec-
ted by the cross-validation scheme with K test = 3).

We optimized the maximum depth, number of
cycles (number of trees) and learning rates via grid
search by considering the minimum of the cross-
validated misclassification rate as a function of the
above hyperparameters.

Specifically, we tested four different values of
learning rates (i.e. [0.1, 0.25, 0.5, 1]) and for each one
we varied the maximal depth as a power of 3∧m with
m chosen such that 3∧m was no greater than n−1,
where n was the number of elements in the train set.
We then plotted, for each learning rate and for each
maximal depth, the cross-validated misclassification
rate as a function of the number of trees (number of
cycles) ranging from 1 to 500. Finally, we considered
as optimal hyperparameters those that yielded the
minimal cross-validated misclassification rate. Data
were analyzed off-line in MATLAB (The MathWorks,
Inc.). In figure 1, a summary of the experimental
setup and decoding algorithm procedure is shown.

2.7. Discrimination analysis and
decoding-discrimination relationship
Similarly to previous studies [49], we built a discrim-
ination channel index to assess the discrimination
ability of the electrodes and thus a possible relation
with decoding performances. To this aim, we cal-
culated the percentage of activation for each chan-
nel relative to the different functional challenges as
described below.

For each challenge, each signal was reconstructed
using the wavelet details at the same scale previously
used for the decoding algorithm:

xs (t)≈
2∑

j=1

∑
k

ds,j [k] ∗ψjk (t)

where ds,j [k] are the wavelet details at scale j of
the recording site s, and ψjk (t) is the wavelet func-
tion (see supplementary figures 3(a) and (b) for a
graphical example). The reconstructed signals from
each recording sites (X= {xs} , i= 1, . . . ,S)were seg-
mented using a temporal window of T = 1 s and
rescaled to zero mean and unitary standard devi-
ation obtaining a number of signal’s blocks Nblock,
i.e. X= (X(1) , . . . ,X(Nblock)). For each block of the
signals, we calculated the first three principal com-
ponent coefficients (loadings), i.e. Pipca(iblock) with
ipca = 1,2,3 and iblock = 1, . . . ,Nblock. We thus iden-
tified for each principal component the higher out-
liers relative to loadings’ absolute values. Outliers
were identified using a threshold of three scaledmean
absolute deviation from themedian (see supplement-
ary figure 3(c)), right panel for a graphical example).
When an outlier was identified in a portion of the sig-
nal, a value equal to unity was assigned to the corres-
ponding channel (‘channel activated’) and zero oth-
erwise, i.e. we defined an indicator for each channel s
and block iblock:

I
ipca
s (iblock) =

{
1 if loading of ipca w.r.t. channels is outlier

0 otherwise
.

For each channel, the resulting percentage of activa-

tion relative to a principal component µ
ipca
s , is equal to

the number of times in which the channel was activ-
ated divided by the total number of portions of the
signal, i.e.

µ
ipca
s =

∑Nblock

iblock=1 I
ipca
s (iblock)

Nblock
.

The percentage of activation of each channel
was quantified as the mean over the percentage of
activation of the channel in each principal compon-
ent (see supplementary figure 3(c) left panel) µs =∑3

ipca=1µ
ipca
s

3
.

Similarly to Raspopovic et al [49], given the per-
centage of activation for each channel, we defined
a discrimination index for each channel as the
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Figure 1. Schematic representation of the experimental setup and decoding algorithm. (a), (b) Recording apparatus and
electrode implantation. (c) Summary of the in vivo protocol and comparisons . (d) Decoding algorithm. Feature extraction
was performed on raw signals by applying principal component analysis on wavelet details relative to two different scales.
(e) Decoding performed with ensemble learning based on classification trees combined with random undersampling and
boosting procedure (see section 2) was applied on feature vectors. Decoding performance was assessed by means of confusion
matrices and accuracy level.

difference between the percentage of activation of the
considered channel and themean percentage of activ-
ation over the remaining channels, i.e.

Ds = µs −
1

Ns − 1

s=1,i̸=l∑
Ns

µl.

Thus, discrimination vectors with entries made
of channels’ discrimination indices were obtained
among the different functional challenges, i.e. Dc =
{Dc,s} with c= {Baseline,BPC,TVC,RRC} and s=
1, . . . ,S. The difference between two generic

discrimination vectors was obtained by considering
the root mean square level of the Euclidean distance
(see supplementary figure 4(a)).

Electrode discrimination ability was computed by
considering themean over all the six possible combin-
ation distances between the distinct discrimination
vectors (see supplementary figure 4(a)). Finally, to
assess linear correlations between accuracy (Acc) and
electrode discrimination ability (EDA) we employed
a linear mixed model treating the different anim-
als (Animal) as a random effect, i.e. Acc ∼ EDA
+(1|Animal).
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2.8. Hybrid modeling of the recording process and
Discriminative Field Potentials (DFPs)
To understand the distribution of the electrical field
potential within a nerve, we employed the hybrid
modeling framework previously described by us
[49–51]. Histological sections were manually seg-
mented by defining the contours of the epineural
compartment (the whole nerve section contour) and
of the fascicles. Such contourswere imported inMAT-
LAB as closed polylines. Fascicle polylines were sub-
stituted with ellipses having the same surface area
as the fascicles; center of the fascicle centroid, axis
length ratio and orientation were deduced from the
minimum (area) bounding rectangle of each fascicle.
The perineurial sheath for each fascicle was defined
as a layer with width equal to 0.03 times the effect-
ive diameter (diameter of the equivalent circle) of
the fascicle [52]. A 3D extrusion of the given nerve
section was defined in COMSOL (through MATLAB
LiveLink for COMSOL) and was included in a saline
bath the external surface of which was grounded
(simulation of zero potential at infinity [50]). A point
current source was defined corresponding to each
electrode active site center. To obtain the potential
field on the nerve section (up to a multiplicative scal-
ing factor, i.e. linearity assumption), we simulated the
stimulation from all given sites with an adimensional
current (one at the time and unitary). In fact, thanks
to the Helmholtz reciprocity theorem, the value of
the potential field due to a unitary current injec-
ted by an active site corresponds to the impedance
that relates the intensity of a current source with the
resulting potential field recorded at the site surface.
This means that a higher electrical field in a point in
space P leads to a higher amplitude of the recorded
electrical activity of a fiber located in P [53]. Given
the knowledge of the electric field potential gener-
ated from a fascicle and the corresponding record-
ing capability of a given recording site, we wanted to
link this information to the discrimination proper-
ties of the recording site. To this aim, we defined a
measure, that we called DFP, by weighting the record-
ing capabilities of a recording site s from a given
fascicles F together with the discrimination proper-
ties of the recording site s related to a functional
challenge c, i.e.

DFPc,F =

∑S
s=1Dc,sφs,F∑S

s=1φs,F

whereDc,s is the discrimination ability to a functional
challenge c and recording site s, and φs,F is the mean
field inside a fascicle F recorded from a site s (calcu-
lated by averaging isopotential values of the potential
field inside the fascicle). Since the φs,F measures how
a site s is capable of recording from a given fascicle,
andDc,s measures how site s records better the activity
related to a functional challenge c with respect to the
other sites, then the DFPc,F is a quantity measuring

how a fascicle is related to a given functional chal-
lenge. Similarly to the calculation of electrode dis-
crimination ability, to quantify the discrimination
ability of the whole nerve section, we computed the
root mean square level of the Euclidean distance of
the DFP values in the fascicle space. We thus calcu-
lated the mean discrimination distance by consider-
ing the mean over all the six possible combinations of
functional challenges.

2.9. Statistical analysis
Unless otherwise stated, data are expressed as
mean ± s.e.m. Statistical significance between
accuracies within the same animal were assessed by
means of Chi square test followed by Bonferroni cor-
rection for multiple comparisons. Confidence inter-
vals for the accuracy values were calculated using
the Clopper–Pearson method. Statistical significance
of accuracy values with respect to chance level was
assessed by using the binomial test. Statistical signi-
ficances across animals were assessed by a two-way
ANOVA, followed by Tukey–Kramer test for mul-
tiple comparisons, considering as the VN side (left
or right) and electrode type (TIME or SELINE) as
the two categorical variables. Normality of the resid-
uals was assessed with a Lilliefors test, setting the
significance threshold to p = 0.05. Statistical signi-
ficance between the discrimination ability of nerve
sections was assessed by using two-tailed paired t-test
at a significance threshold of 0.05. To test for nor-
mality of data distribution, a Kolmogorov-Smirnov
test was used for each dataset. To check the statical
significance of the correlations between accuracy and
EDA, we employed an F-test with F distribution hav-
ing degrees of freedom (df1 = 1, df2 = 22). All the
statistical analyses were performed with MATLAB
(The MathWorks, Inc.).

3. Results

3.1. Decoding tasks to classify functional
challenges against baseline
We tested our decoding algorithm in differ-
ent scenarios, i.e. by considering in our data-
set a progressively larger number and type of
functional challenges, respiratory (TVC and RRC)
and cardiovascular (BPC). In four pigs (p3, p4, p5
and p6) we also studied the variation of the decoding
performances, in a single animal and for the same
nerve, relative to the different positioning of two
pairs of SELINEs (s1, s2; or s3, s4) and two pairs of
TIME (t3, t4; or t5,t6). We thus tested the follow-
ing combinations: p3–s1 vs. p3–s2; p4–s3 vs. p4–s4;
p5–t3 vs.p5–t4 and p6–t5 vs. p6–t6 (see section 2.9
for details on the statistical analysis). Moreover, we
also compared the animals for possible effects of the
electrode type and VN side on mean decoding per-
formances (see also supplementary figure 1).
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3.2. Decoding the response to a single functional
challenge
We started with the simplest case in which we sought
to discriminate only one of the three functional
challenges against baseline. For baseline vs BPC, we
achieved a mean high accuracy level over the dif-
ferent recordings equal to 82.9 ± 5.8%, as shown in
figure 2(a) (n = 9, see supplementary figure 2(a)
for confusion matrices). A dependence on electrode
position within the same nerve was observed in pigs
p4 and p6. Indeed, the accuracy value for p4–s3
(95.5%, [93.8%, 96.7%] confidence interval p= 0.05,
figure 2(a)) was greater than p4–s4 (71%, [67.7%,
74.2%] Confidence Interval p = 0.05, figure 2(a))
(p < 0.001 Chi square test, Bonferroni correction).
Moreover, in pig p6 implanted with TIME t5 and
t6, i.e. p6–t5 and p6–t6, we achieved a lower level of
accuracy for p6–t5 (81%, [78.3%, 83.5%] confidence
interval p = 0.05, figure 2(b)) with respect to p6–t6
(95.4%, [93.8%, 96.7%] confidence interval p= 0.05,
figure 2(b)) (p < 0.001 Chi square test, Bonferroni
correction).

Only in one animal (p5–t3 and p5–t4) the
accuracies were low with p5–t3 ([54.7%, 62.3%],
confidence interval p = 0.05) and p5–t4 significant
different from chance level (binomial test p < 0.05,
[49.9%, 58.1%], confidence interval p= 0.05).

High-level accuracy during increased RRC was
also obtained, equal to 85.7 ± 3.8%, as shown in
figure 2(b) (n = 9, see also supplementary figure
2(b) for confusion matrices). Also in this case we
found a dependence on the electrode positioning
within the same nerve. In all possible comparison
(i.e. p3–s1 vs. p3–s2; p4–s3 vs. p4–s4; p5–t3 vs.p5–t4
and p6–t5 vs. p6–t6) we found significant differences
between accuracies (figure 2(b), p < 0.001 Chi square
test, Bonferroni correction).

Measurements during TVC yielded similar results
compared to the other challenges, but with a stronger
effect of the electrode positioning. In pig p2 that was
implanted with TIME t2 (p2–t2), we achieved high
accuracy level equal to 78.7% ([74.5%, 82.5%], con-
fidence interval p = 0.05, see figure 2(c) and supple-
mentary figure 2(c) for confusion matrices).

Moreover, the decoding accuracy during TVC
was strongly dependent on the electrode positioning
within the same nerve. In fact, in animals implanted
with s1 and s4, i.e. p3–s1 and p4–s4, we obtained
accuracy values near chance level for p3-s1 ([50.8%,
60.5%], confidence interval p= 0.05) and statistically
not different from chance level for p4–s4 (p > 0.05,
binomial test, [44.4%, 54.2%], confidence interval
p = 0.05 see figure 2(c) and supplementary figure
2(c) for confusion matrices). In the same animals,
but with different electrode positioning, we achieved
a high level of accuracy of 85.6% for p3–s2 ([81.9%,
88.7%], confidence interval p = 0.05) and 73.4% for

p4–s3 ([68.9%, 77.6%], confidence interval p= 0.05,
see figure 2(c) and supplementary figure 2(c) for con-
fusion matrices).

3.3. Decoding the response to multiple functional
challenges
We increased the complexity of the decoding task
by considering simultaneously within our dataset
two functional challenges involving two different
physiological systems, e.g. BPC+ RRC or TVC, or in
the same system, namely RRC+ TVC.

The accuracy values for the BPC vs. RRC casewere
74.4± 5.1% (n= 8), as shown in figure 3(a) and sup-
plementary figure 3(a) for confusion matrices.

High accuracy values were achieved also for
BPC vs TVC, with an overall mean over recordings
68.6 ± 5.8% (n = 8), as shown in figure 3(b) and
supplementary figure 3(b) for confusion matrices.
Dependency on electrode positioning within the
same nerve was found in animals p4, p5, p6 for both
BPC vs. RRC and BPC vs. TVC (figures 3(a) and (b),
respectively, p < 0.001 Chi square test, Bonferroni
correction).

We were also able to reliably decode the two res-
piratory challenges RRC and TVC when simultan-
eously considered in ourmulticlass classification task.
We found an overall accuracy mean over recordings
equal to 68.6 ± 4.9% (n = 9), with a dependence on
the electrode position in animals p3,p4,p5 but not in
p6 where the electrodes t5 and t6 achieved a similar
level of accuracy, 67.8% ([63.7%, 71.7%] confidence
interval p = 0.05) and 68.2% ([64.1%,72.1%] con-
fidence interval p = 0.05), respectively, as shown in
figure 3(c) (p > 0.05 Chi square test, Bonferroni cor-
rection) and supplementary figure 3(c) for confusion
matrices.

Furthermore, we studied the most complex
scenario of our decoding task in which all types of
functional challenges (one cardiovascular and two
respiratory) are considered simultaneously in our
experimental dataset. As discussed above, also in this
case we found that decoding performances depended
on electrode positioning within the same nerve for
animals p4, p5, p6 (p < 0.001 Chi square test, Bonfer-
roni correction). The overall accuracy level is equal
to 60.2 ± 5% (n = 8) where the highest accuracy
among animals was obtained by TIME t2 implanted
in p2, i.e. p2–t2, with a value equal to 84.8% ([82.6%,
86.8%] confidence interval p = 0.05) while the low-
est accuracy value by TIME t5 implanted in p6, i.e.
p6–t5 43.5% ([40.6%, 46.5%] confidence interval
p = 0.05) (see figure 4(a)). We assessed also pos-
sible effects on the accuracy values due to the dif-
ferent side of VN (left or right) considered for the
electrode implantation and the type of electrode
(TIME or SELINE). To this aim, we employed a
two-way ANOVA followed by Tukey–Kramer test

7



J. Neural Eng. 18 (2021) 0460a2 F Vallone et al

Figure 2. Decoding accuracy for baseline condition vs. a single functional challenge. (a)–(c) Accuracy level together with p= 0.05
confidence interval (error bars, Clopper–Pearson method) for the comparison between baseline and BPC (panel a), RRC (panel
b) and TVC (panel c). For all panels, colored bars indicate the same animal implanted with two different electrodes. Dashed lines
represent chance level. To test statistically significant differences with respect to chance level in the cases where confidence
intervals overlapped with chance level, a binomial test was used (panel c, animal p4-s4, p > 0.05 binomial test). Statistical
comparisons within the same animal were assessed by using a Chi square test followed by Bonferroni correction for multiple
comparisons (∗p < 0.05, ∗∗p < 0.01, ∗∗∗p < 0.001).

for multiple comparisons. We pooled together all the
values of the accuracies (n = 60) obtained in the dif-
ferent decoding tasks and we found no significant
effect of the type of electrodes, i.e. TIME vs. SELINE
(mean ± std: 74 ± 16% and 73 ± 17%, respect-
ively p = 0.045 see supplementary figure 1), while

a greater decoding accuracy was achieved from sig-
nals acquired from the left VN compared to right VN
side (mean ± std: 82 ± 15% and 70 ± 15%, respect-
ively p= 0.045 see supplementary figure 1). No inter-
action effect between side and electrode was found
(p= 0.11).
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Figure 3. Decoding accuracy for baseline condition vs. two functional challenges. Accuracy level together with confidence
intervals (error bars, Clopper–Pearson method) for the comparison between baseline and BPC vs RRC (panel a), BPC vs TVC
(panel b), RRC vs TVC (panel c). For all panels, colored bars indicate the same animal implanted with two different electrodes.
Dashed lines represent chance level. Statistical comparisons within the same animal were assessed by using a Chi square test
followed by Bonferroni correction for multiple comparisons (∗p < 0.05,∗∗p < 0.01,∗∗∗p < 0.001).

Finally, to better understand why different accur-
acy values were obtained in our datasets, we sought
a possible correlation between the electrode discrim-
ination ability, i.e. the sensitivity of the recording
sites to the specific challenges, and the decoding
performance. Electrode discrimination ability (EDA)
was assessed by calculating the percent activation
of each recording site of the electrode with respect
to the different functional challenges (see section 2

for details and supplementary figures 4 and 5 for
a graphical example). In this way, the ensemble of
channels activations yields a discrimination vector for
each functional challenge. Intuitively, the greater the
difference between those discrimination vectors rep-
resenting different functional challenges, the more
discriminative is the electrode (supplementary figures
5(b) and (c) for distancematrices).We thus employed
a generalized linear model for accuracy (Acc) and
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Figure 4. Decoding accuracy for baseline condition vs. three functional challenges and relation between electrode discrimination
ability and decoding performances. (a) Accuracy level together with confidence intervals (error bars, Clopper–Pearson method)
for the comparison between baseline and BPC, TVC and RRC. Colored bars indicate the same animal implanted with two
different electrodes. Dashed lines represent chance levels. Statistical comparisons within the same animal were assessed by using a
Chi square test followed by Bonferroni correction for multiple comparisons (∗p < 0.05, ∗∗p < 0.01, ∗∗∗p < 0.001). (b) Linear
relationship between electrode discrimination ability and accuracy level, the correlation coefficient r of the generalized linear
model is reported (p= 0.0014, n= 24). (c) Confusion matrices for all the recordings.

EDA treating the different folds (Kfold), over which
we obtained the accuracy values, as a random effect,
i.e. Acc∼ EDA+ (1|Kfold).

Our model consisted of n = 24 points, and we
found a significant correlation p= 0.0016 with a cor-
relation coefficient equal to r= 0.81 (see figure 4(b)).

3.4. A hybrid model framework to map the
functional spatial organization of VN fascicles
The site-related sensitivity to specific functional
challenges indicated a possible functional spatial

organization of VN fascicles, which we explored by
combining the information obtained from histo-
logical analysis with simulations of electric poten-
tial field and discrimination properties of the
electrodes.

The spatial relationship between VN fascicles
and electrode active sites was determined by histo-
logical examination in one animal, p4. We reason-
ably assumed that the overall nerve morphology in
terms of fascicular structure and organization is con-
stant along the implant site, so we morphologically
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Figure 5. Schematic description of the two SELINE (s3 and s4) implantation in the VN of p4 and hybrid model simulations of
fascicles activation at baseline and in response to functional challenges. (a), (b) SELINE s3 and s4 (left panels a, b, respectively) are
represented on a VN histological section (central panels a, b respectively). DFP patterns of activity during baseline and each
functional challenge (left panels). (c) Mean Discriminative Distance between DFP patterns (p= 0.015 paired t-test n= 6,
p > 0.05 Kolmogorov–Smirnov).

modeled the SELINE active sites on the same 2D
transverse section representation of the VN (figure 5
panels a, b, left and middle figures, for SELINEs s3
and s4 implanted in p4, respectively).

Based on the histological analysis, we construc-
ted a hybrid modeling framework [49–51] to under-
stand the spatial distribution of electrical potential
fields in the nerve sections of p4–s3 and p4–s4. In

supplementary figures 6 and 7 (panel b), isopoten-
tial electric field lines corresponding to each nerve
section and three different recording sites are shown
(p4-s3 and p4-s4, respectively). Using the Helm-
holtz reciprocity theorem [51], these potential values
quantify the recording capability of a given active site
favored by the specific position of a fascicle located
inside the nerve [53]. Since we were interested in the
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global electrical activity of fascicles, we employed a
mean field approach by averaging the potential val-
ues within a given fascicle (supplementary figures 6
and 7 panel c, left) for nerve section p4–s3 and p4–s4,
respectively.

To quantitatively characterize the association of
a given fascicle with a specific functional challenge,
we weighted the discrimination index of each act-
ive site with the mean field generated by that fascicle
recorded from that active site. We then averaged data
obtained from all recording sites and normalized the
average to the total mean field, thus obtaining what
we called DFP (DFP, see section 2 for details). In
this way, we developed for the first time a quantit-
ative measure characterizing how a fascicle is related
to a given functional challenge. This measure could
be considered the equivalent, for recording, of the
selectivity index [21, 49] quantifying the stimulation
ability on an electrode to elicit the activation of tar-
geted fibers.

DFP patterns related to baseline condition and
functional challenges were obtained for each nerve
section p4–s3 and p4–s4, as shown in figures 5(a)
and (b), right panels, respectively, and supplement-
ary figures 6 and 7 panel c bottom, respectively. Inter-
estingly, for both nerve sections p4–s3 and p4–s4,
the baseline condition exhibited a balanced DFP pat-
tern where each fascicle is activated in the same man-
ner. On the contrary, DFP magnitude was higher and
differences between DFP patterns within each nerve
were more pronounced in p4–s3 than in p4–s4 as
shown in figures 5(a) and (b), right panels, respect-
ively, and supplementary figures 6 and 7 panel c bot-
tom, respectively. We quantified them by calculating
the root mean square level of the Euclidean dis-
tance among the DFP values of each fascicle for each
possible comparison between functional challenges
(mean discriminative distance). We found a statist-
ically significant higher mean discriminative distance
of the nerve in p4–s3 with respect to p4–s4 (p= 0.015
paired t-test, n = 6 all possible functional challenges
combination). This was consistent with the higher
effectiveness of decoding based on p4–s3 recordings.

4. Discussion

Bioelectronic medicine may lead to revolutionary
treatments of an ample variety of diseases. However,
therapeutic neuromodulatory interventions, espe-
cially those based on implantable systems, ought
to be very precise, both spatially, activating specific
nerve fibers, and temporally, i.e. operating in closed-
loop to mimic the natural conditions. Therefore, it
is necessary to utilize neural interfaces to selectively
stimulate ANS nerves (spatial precision) and decode
signals triggered by specific functional changes, so
that the stimulation is activated only when necessary
(temporal precision).

The present study provides the first evidence
that signals recorded with intraneural electrodes in
pig VN can be reliably used to detect functional
changes in the cardiovascular and/or respiratory
system.

We perturbed the homeostasis of one of both sys-
tems with functional challenges that were expected to
enhance the activity of aortic baroreceptors and/or
lung stretch receptors. Electrical signals departing
from those receptors run along afferent fibers of the
VN, carrying to the CNS information on blood pres-
sure changes and lung inflation state [54]. Although
induced by pharmacological and mechanical stim-
uli, in our study these hemodynamic and respiratory
alterations mimicked very common pathophysiolo-
gical conditions such as hypertension, tachypnea, and
polypnea. Given the copresence of afferent and effer-
ent fibers within the VN, our recordings inevitably
captured signals traveling in the two directions, even
though we can reasonably assume the major contri-
bution was coming from afferent fibers as they out-
number the efferent.

Exploiting our previous experience with somatic
nerves [31] and differently from previous stud-
ies [4, 22, 24, 25, 33, 34] that employed spike sort-
ing methods [24, 25] or extracted neural pro-
files correlated with specific physiological variables
[4, 22, 33, 34], we processed thewhole high frequency
components of our signals with an advancedmachine
learning approach, never applied to the VN before.
This method proved successful in achieving high-
level accuracy for decoding functional challenges. In
such regard, the pigVN is ideal for the development of
clinically relevant technologies. The fascicular organ-
ization of pig VN is the closest to the complex-
ity of human VN intraneural morphology compared
to other species commonly utilized in experimental
research [35]. For instance, other studies have shown
the possibility to decode different functional chal-
lenges in the murine VN [24, 25], which, unfor-
tunately, contains less fibers and not subdivided in
fascicles.

To the best of our knowledge, prior studies in
pig VN [4, 22, 34] did not demonstrate the possib-
ility to decode multiple functional challenges. While
cuff [4, 22] and intraneural [34] electrodes in pigs
proved effective in extrapolating neural markers of
blood pressure and respiratory activity, no decod-
ing analysis for the identification of mixed functional
challenges was attempted. Moreover, the recordings
with cuff electrodes [4, 22] were not obtained during
the same experimental session.

In this study we exploited intraneural (TIMEs
and SELINEs) electrodes, which are conceived to be
transversally or obliquely inserted into the nerve,
allowing spatially selective stimulation and recording
from different fascicles innervating distinct peri-
pheral targets [38–40, 55]. Our results show that the
quality of decoding performances depends on the
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electrode position. This could be due to the different
functional role of fascicles adjacent to the recording
sites and prompts the hypothesis of a specific spa-
tial segregation of vagal fibers traversed by specific
signals. Therefore, to map a possible spatial func-
tional organization of VN fascicles, we employed a
hybrid modeling framework based on histological
analysis combinedwith electrode discrimination abil-
ity properties. We assumed that the discrimination
of a given functional challenge in a given record-
ing site was higher when the local fibers we activ-
ated by that specific stimulus and the local record-
ing capability was high. Based on this assumption,
we developed a novel quantitativemeasure calledDis-
criminative Field Potential (DFP), obtaining distinct
spatial configurations of discriminative patterns gen-
erated by fascicles during the various functional chal-
lenges. Moreover, placing a large number of active
sites along the intraneural implant would augment
the interfaces with fascicles, thus reducing the num-
ber of implanted electrodes [30, 56] .

The present findings strongly suggest that multi-
contact electrodes positioning is of crucial import-
ance for bioelectronic applications in a complex nerve
such as theVN. In our opinion, the development of an
anatomical and electrophysiological in silico model
of the VN would be extremely useful to guide elec-
trodes implantation and positioning and to overcome
the present limitations. Such model should incorpor-
ate the precise localization of organ-specific fascicles
within themain vagal trunk, given the high rate of VN
fasciculation occurring in pigs similar to other species
like sheep and humans [57]. This marked fascicula-
tion likely reflects an equivalent high spatial segreg-
ation of fibers innervating different peripheral sites
and could be explored using techniques that allow 3D
reconstructions like micro-CT [57]. Thus, anatom-
ical reconstructions could be combined with tech-
niques controlling the positioning of the active sites
of intraneural electrodes [58] and the hybrid model-
ing framework developed here to find optimal spatial
points for the decoding of physiological information.
Ultimately, such approach would help in clarifying
also the best VN side to realize VN decoding for spe-
cific VNS protocols.

5. Limitations and future directions

The present study was performed in an acute exper-
imental preparation and it is known that anesthesia
exerts important effects on neural activity and other
physiological systems. For this reason, our next step
will consist of validating the implantation of intran-
eural electrodes for VN chronic recordings in non-
anesthetized animals. Another limitation relates to
the mixed signals traveling along the intact VN:
future studies will be specifically designed to precisely
identify afferent versus efferent signals. Moreover,

we limited our analysis to isolated respiratory chal-
lenges, i.e. increase in TV and RR, as a preliminary
approach to investigate different physiological mech-
anisms. Given the simultaneous occurrence of TV
and RR variations in the real-life scenario, we plan to
investigate this aspect in future studies for broader
translational implications. Finally, an important
step will be the implementation and validation of
online signal analysis, necessary for closed-loop
VNS protocols.

6. Conclusions

To summarize, we developed a decoding algorithm
novel toVN studies that robustly achieved high accur-
acy levels in classifying different functional changes
from VN signals. Interestingly, we found that elec-
trodes positioning plays an important role on decod-
ing performances. Finally, we suggested a func-
tional topographical organization of VN fascicles by
combining an anatomically validated hybrid neural
model and a new index for the characterization of
recording and decoding performance of neural inter-
faces. The present results represent an important
step towards more precise neuromodulation proto-
cols based on the knowledge of specific patterns of
neural activations recordable in VN under physiolo-
gical and pathological conditions. Advanced closed-
loop and spatially selective VNS could improve the
treatment of pathological conditions by selectively
activating functionally specialized fiber fascicles, thus
preventing the side-effects caused by the current
technology.

The importance of understanding VN signals
extends beyond VNS and closed-loop applications.
Being the biggest peripheral crossroad of signals
between the CNS and visceral organs, a sensitive
and reliable technology for detection and decod-
ing of VN activity could serve for the diagnosis
of pathophysiological conditions otherwise diffi-
cult to detect. Deciphering the ‘vagal language’
will also help clarifying the mechanisms by which
VNS exerts its curative effects and gaining deeper
insights in the VN regulation of specific physiological
processes.
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[29] Rozman J and Ribarǐc S 2007 Selective recording of
electroneurograms from the left vagus nerve of a dog during
stimulation of cardiovascular or respiratory systems Chin. J.
Physiol. 50 240–50

[30] Micera S et al 2011 Decoding of grasping information from
neural signals recorded using peripheral intrafascicular
interfaces J. Neuroeng. Rehabil. 8 53

[31] Rossini P M et al 2010 Double nerve intraneural interface
implant on a human amputee for robotic hand control Clin.
Neurophysiol. 121 777–83

14

https://orcid.org/0000-0001-8911-9611
https://orcid.org/0000-0001-8911-9611
https://orcid.org/0000-0001-8911-9611
https://orcid.org/0000-0002-6354-3278
https://orcid.org/0000-0002-6354-3278
https://orcid.org/0000-0002-6354-3278
https://orcid.org/0000-0003-0971-8783
https://orcid.org/0000-0003-0971-8783
https://orcid.org/0000-0003-0971-8783
https://orcid.org/0000-0002-9632-1831
https://orcid.org/0000-0002-9632-1831
https://orcid.org/0000-0002-9632-1831
https://doi.org/10.1038/nrd4351
https://doi.org/10.1038/nrd4351
https://doi.org/10.1038/496159a
https://doi.org/10.1038/496159a
https://doi.org/10.1088/1741-2552/abe6b9
https://doi.org/10.1088/1741-2552/abe6b9
https://doi.org/10.1016/j.bios.2017.06.031
https://doi.org/10.1016/j.bios.2017.06.031
https://doi.org/10.2147/JIR.S163248
https://doi.org/10.2147/JIR.S163248
https://doi.org/10.1212/WNL.45.2.224
https://doi.org/10.1212/WNL.45.2.224
https://doi.org/10.1073/pnas.1605635113
https://doi.org/10.1073/pnas.1605635113
https://doi.org/10.1111/nmo.12792
https://doi.org/10.1111/nmo.12792
https://doi.org/10.1111/head.12650
https://doi.org/10.1111/head.12650
https://doi.org/https://doi.org/10.1038/nature01321
https://doi.org/https://doi.org/10.1038/nature01321
https://doi.org/10.1161/STROKEAHA.117.019202
https://doi.org/10.1161/STROKEAHA.117.019202
https://doi.org/10.1097/WNP.0b013e3181d64d8a
https://doi.org/10.1097/WNP.0b013e3181d64d8a
https://doi.org/10.1016/j.jneumeth.2008.04.025
https://doi.org/10.1016/j.jneumeth.2008.04.025
https://doi.org/10.4103/1673-5374.243697
https://doi.org/10.4103/1673-5374.243697
https://doi.org/10.1101/cshperspect.a034314
https://doi.org/10.1101/cshperspect.a034314
https://doi.org/10.1109/RBME.2010.2085429
https://doi.org/10.1109/RBME.2010.2085429
https://doi.org/10.1007/s13311-014-0280-3
https://doi.org/10.1007/s13311-014-0280-3
https://doi.org/10.15424/bioelectronmed.2014.00012
https://doi.org/10.15424/bioelectronmed.2014.00012
https://doi.org/10.1016/j.bios.2018.04.043
https://doi.org/10.1016/j.bios.2018.04.043
https://doi.org/10.1109/TNSRE.2012.2189021
https://doi.org/10.1109/TNSRE.2012.2189021
https://doi.org/10.1111/ner.12630
https://doi.org/10.1111/ner.12630
https://doi.org/10.1007/s13534-017-0054-z
https://doi.org/10.1007/s13534-017-0054-z
https://doi.org/10.1073/pnas.1719083115
https://doi.org/10.1073/pnas.1719083115
https://doi.org/10.1109/TNSRE.2019.2942398
https://doi.org/10.1109/TNSRE.2019.2942398
https://doi.org/10.1111/j.1085-9489.2005.10303.x
https://doi.org/10.1111/j.1085-9489.2005.10303.x
https://doi.org/10.1186/1743-0003-7-17
https://doi.org/10.1186/1743-0003-7-17
https://doi.org/10.1186/1743-0003-8-53
https://doi.org/10.1186/1743-0003-8-53
https://doi.org/10.1016/j.clinph.2010.01.001
https://doi.org/10.1016/j.clinph.2010.01.001


J. Neural Eng. 18 (2021) 0460a2 F Vallone et al

[32] Cracchiolo M, Valle G, Petrini F M, Strauss I, Granata G,
Stieglitz T, Rossini P M, Raspopovic S, Mazzoni A and
Micera S 2020 Decoding of grasping tasks from intraneural
recordings in trans-radial amputee J. Neural Eng. 17 026034

[33] Ottaviani M M, Wright L, Dawood T and Macefield V G
2020 In vivo recordings from the human vagus nerve using
ultrasound-guided microneurography J. Physiol.
598 3569–76

[34] Sevcencu C, Nielsen T N and Struijk J J 2018 An
intraneural electrode for bioelectronic medicines for
treatment of hypertension Neuromodulation
21 777–86

[35] Settell M L et al 2020 Functional vagotopy in the
cervical vagus nerve of the domestic pig: implications for
the study of vagus nerve stimulation J. Neural Eng.
17 26022

[36] Gabisonia K et al 2019 MicroRNA therapy stimulates
uncontrolled cardiac repair after myocardial infarction in
pigs Nature 569 418–22

[37] Labinskyy V, Bellomo M, Chandler M P, Young M E,
Lionetti V, Qanud K, Bigazzi F, Sampietro T, Stanley W C
and Recchia F A 2007 Chronic activation of peroxisome
proliferator-activated receptor-α with fenofibrate prevents
alterations in cardiac metabolic phenotype without changing
the onset of decompensation in pacing-induced heart failure
J. Pharmacol. Exp. Ther. 321 165–71

[38] Boretius T, Badia J, Pascual-Font A, Schuettler M, Navarro X,
Yoshida K and Stieglitz T 2010 A transverse intrafascicular
multichannel electrode (TIME) to interface with the
peripheral nerve Biosens. Bioelectron. 26 62–9

[39] Badia J, Raspopovic S, Carpaneto J, Micera S and Navarro X
2016 Spatial and functional selectivity of peripheral nerve
signal recording with the transversal intrafascicular
multichannel electrode (TIME) IEEE Trans. Neural Syst.
Rehabil. Eng. 24 20–7

[40] Cutrone A, Del V J, Santos D, Badia J, Filippeschi C,
Micera S, Navarro X and Bossi S 2015 A three-dimensional
self-opening intraneural peripheral interface (SELINE) J.
Neural Eng. 12 16016

[41] Recchia F A, Osorio J C, Chandler M P, Xu X, Panchal A R,
Lopaschuk G D, Hintze T H and Stanley W C 2002 Reduced
synthesis of NO causes marked alterations in myocardial
substrate metabolism in conscious dogs Am. J. Physiol.
282 197–206

[42] Mallat S G 1989 A theory for multiresolution signal
decomposition: the wavelet representation IEEE Trans.
Pattern Anal. Mach. Intell. 11 674–93

[43] Mallat S 2009 AWavelet Tour of Signal Processing
(Amsterdam: Elsevier Inc.)

[44] Raspopovic S, Cimolato A, Panarese A, Vallone F, Del Valle J,
Micera S and Navarro X 2020 Neural signal recording and
processing in somatic neuroprosthetic applications. A review
J. Neurosci. Methods 337 108653

[45] Bakshi B R 1998 Multiscale PCA with application to
multivariate statistical process monitoring AIChE J.
44 1596–610

[46] Breiman L, Friedman J H, Jerome H, Olshen R A and
Stone C J 1984 Classification and Regression Trees (Boca
Raton, Florida: Chapman and Hall/CRC)

[47] Hastie T, Tibshirani R and Friedman J 2009 The Elements of
Statistical Learning the Elements of Statistical Learning Data
Mining, Inference, and Prediction 2nd edn (New York:
Springer-Verlag)

[48] Galar M, Fernandez A, Barrenechea E, Bustince H and
Herrera F 2012 A review on ensembles for the class
imbalance problem: bagging-, boosting-, and hybrid-based
approaches IEEE Trans. Syst. Man Cybern. C 42 463–84

[49] Raspopovic S, Capogrosso M and Micera S 2011 A
computational model for the stimulation of rat sciatic nerve
using a transverse intrafascicular multichannel electrode
IEEE Trans. Neural Syst. Rehabil. Eng. 19 333–44

[50] Raspopovic S, Petrini F M, Zelechowski M and Valle G 2017
Framework for the development of neuroprostheses: from
basic understanding by sciatic and median nerves models to
bionic legs and hands Proc. IEEE 105 34–49

[51] Romeni S, Valle G, Mazzoni A and Micera S 2020 Tutorial: a
computational framework for the design and optimization
of peripheral neural interfaces Nat. Protoc. 15 3129–53

[52] Grinberg Y, Schiefer M A, Tyler D J and Gustafson K J 2008
Fascicular perineurium thickness, size, and position affect
model predictions of neural excitation IEEE Trans. Neural
Syst. Rehabil. Eng. 16 572–81

[53] Jehenne B, Raspopovic S, Capogrosso M, Arleo A and
Micera S 2015 Recording properties of an electrode
implanted in the peripheral nervous system: a human
computational model Int. IEEE/EMBS Conf. Neural Eng.
NER (July 2015) pp 482–5

[54] Paintal A S 1973 Vagal sensory receptors and their reflex
effects Physiol. Rev. 53 159–227

[55] Gaillet V, Cutrone A, Artoni F, Vagni P, Mega Pratiwi A,
Romero S A, Di Paola D L, Micera S and Ghezzi D 2019
Spatially selective activation of the visual cortex via
intraneural stimulation of the optic nerve Nat. Biomed. Eng.
4 181–94

[56] Verplancke R et al 2020 Development of an active
high-density transverse intrafascicular micro-electrode
probe J. Micromech. Microeng. 30 015010

[57] Thompson N, Ravagli E, Mastitskaya S, Iacoviello F,
Aristovich K, Perkins J, Shearing P R and Holder D 2020
MicroCT optimisation for imaging fascicular anatomy in
peripheral nerves J. Neurosci. Methods 338 108652

[58] Bossi S, Micera S, Menciassi A, Beccai L, Hoffmann K P,
Koch K P and Dario P 2006 On the actuation of thin
film longitudinal intrafascicular electrodes Proc. First
IEEE/RAS-EMBS Int. Conf. Biomed. Robot. Biomechatronics,
2006, BioRob 2006 0 383–8

15

https://doi.org/10.1088/1741-2552/ab8277
https://doi.org/10.1088/1741-2552/ab8277
https://doi.org/10.1113/JP280077
https://doi.org/10.1113/JP280077
https://doi.org/10.1111/ner.12758
https://doi.org/10.1111/ner.12758
https://doi.org/10.1088/1741-2552/ab7ad4
https://doi.org/10.1088/1741-2552/ab7ad4
https://doi.org/10.1038/s41586-019-1191-6
https://doi.org/10.1038/s41586-019-1191-6
https://doi.org/10.1124/jpet.106.116871
https://doi.org/10.1124/jpet.106.116871
https://doi.org/10.1016/j.bios.2010.05.010
https://doi.org/10.1016/j.bios.2010.05.010
https://doi.org/10.1109/TNSRE.2015.2440768
https://doi.org/10.1109/TNSRE.2015.2440768
https://doi.org/10.1088/1741-2560/12/1/016016
https://doi.org/10.1088/1741-2560/12/1/016016
https://doi.org/10.1152/ajpendo.2002.282.1.E197
https://doi.org/10.1152/ajpendo.2002.282.1.E197
https://doi.org/10.1109/34.192463
https://doi.org/10.1109/34.192463
https://doi.org/10.1016/j.jneumeth.2020.108653
https://doi.org/10.1016/j.jneumeth.2020.108653
https://doi.org/10.1002/aic.690440712
https://doi.org/10.1002/aic.690440712
https://doi.org/10.1109/TSMCC.2011.2161285
https://doi.org/10.1109/TSMCC.2011.2161285
https://doi.org/10.1109/TNSRE.2011.2151878
https://doi.org/10.1109/TNSRE.2011.2151878
https://doi.org/10.1109/JPROC.2016.2600560
https://doi.org/10.1109/JPROC.2016.2600560
https://doi.org/10.1038/s41596-020-0377-6
https://doi.org/10.1038/s41596-020-0377-6
https://doi.org/10.1109/TNSRE.2008.2010348
https://doi.org/10.1109/TNSRE.2008.2010348
https://doi.org/10.1152/physrev.1973.53.1.159
https://doi.org/10.1152/physrev.1973.53.1.159
https://doi.org/10.1038/s41551-019-0446-8
https://doi.org/10.1038/s41551-019-0446-8
https://doi.org/10.1088/1361-6439/ab5df2
https://doi.org/10.1088/1361-6439/ab5df2
https://doi.org/10.1016/j.jneumeth.2020.108652
https://doi.org/10.1016/j.jneumeth.2020.108652

	Simultaneous decoding of cardiovascular and respiratory functional changes from pig intraneural vagus nerve signals    
	1. Introduction
	2. Materials and methods
	2.1. Animals
	2.2. Anesthesia and monitoring of physiological parameters
	2.3. Surgical preparation and electrode implantations
	2.4. Tissue isolation and histology
	2.5. In vivo recording of VN activity
	2.6. Data acquisition and decoding algorithm
	2.7. Discrimination analysis and decoding-discrimination relationship
	2.8. Hybrid modeling of the recording process and Discriminative Field Potentials (DFPs)
	2.9. Statistical analysis

	3. Results
	3.1. Decoding tasks to classify functional challenges against baseline
	3.2. Decoding the response to a single functional challenge
	3.3. Decoding the response to multiple functional challenges
	3.4. A hybrid model framework to map the functional spatial organization of VN fascicles

	4. Discussion
	5. Limitations and future directions
	6. Conclusions
	Acknowledgments
	References


