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a  b  s  t  r  a  c  t

Impaired  neural  conductivity  shown  by  delayed  latency  and  reduced  amplitude  of  characteristic  peaks  in
somatosensory  evoked  potentials  (SSEPs),  has  been  used  to monitor  hypoxic–ischemic  brain  injury  after
cardiac  arrest  (CA).  However,  rather  than  characteristic  peak  deferral  and suppression,  the time  jitter  of
the  peak  in  SSEP  related  with  time-variant  neurological  abnormalities  is  diminished  by the commonly
used  ensemble  average  method.  This  paper  utilizes  the  second  order  blind  identification  (SOBI)  technique
to extract  characteristic  peak  information  from  one  trial  of  SSEPs.  Sixteen  male  Wistar  rats  were  subjected
to 7 or  9 min  of  asphyxial  CA  (n =  8 per  group).  The  SSEPs  from  median  nerve  stimulation  were  recorded
for  4 h  after CA  and  then  for 15 min  periods  at 24,  48  and  72  h. Neurological  outcomes  were  evaluated  by
neurologic  deficit  score  (NDS)  at 72  h post-CA.  The  SSEP  signal  was  analyzed  offline  with  SOBI  processing
in  Matlab.  The  N10  feature  of SSEP  was compared  between  good  (NDS  ≥ 50)  and  bad  (NDS  < 50) outcomes.

After  processed  by SOBI,  the  N10  detection  rate was  significantly  increased  (p  <  0.001)  from  90  min  post-
CA.  Statistical  difference  of  the  latency  variance  of the  N10  between  good  and  bad  outcome  groups  existed
at 24,  48  and  72 h  post-CA  (p  ≤  0.001). Our  study  is  the  first  application  using  SOBI  detecting  variance
in  neural  signals  like SSEP.  N10  latency  variance,  related  with  neurophysiological  dysfunction,  increased
after hypoxic–ischemic  injury.  The  SOBI  technique  is  an efficient  method  in the  identification  of  peak

orabl
detection  and  offers  a  fav

. Introduction

There are about 450,000 cardiac arrests (CAs) that take place
nnually in the United States (Young, 2009). With advanced
esuscitation techniques, only one-third achieve resumption of
pontaneous circulation (ROSC), and among those patients only
ne-third to one-half survive to hospital discharge (Meaney et al.,
010). Prolonged hypoxic–ischemic brain injury has been recog-
ized as the main cause of high morbidity and mortality (Geocadin
t al., 2008).

In recent years, it has been well established that somatosen-
ory evoked potentials (SSEPs) give an early and accurate insight

f neurological deficiency after CA, thus, such electrophysiological
onitoring currently serves as an important prognosis measure
hen making clinical treatment regime of comatose patients (De
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e  alternative  to  reveal  the  neural  transmission  variation.
© 2011 Elsevier B.V. All rights reserved.

Giorgio et al., 1993; Robinson et al., 2003; Rossetti et al., 2010;
Rothstein, 2000; Young et al., 2004).

As demonstrated by electrophysiological studies,
hypoxic–ischemic injury results in two  types of abnormalities
that represent the change of conduction velocity and dispersion of
conduction due to electrophysiological derangement (Nowak et al.,
1993). The first type of abnormality gives rise to the dissociation
of excitation, which lengthens the latency and lowers the ampli-
tude of the wave. Relative characteristic changes in magnitude
and latency (Kang et al., 2009; Madhok et al., 2010), conduction
velocity (Salami et al., 2003) and time–frequency distributions
(Hu et al., 2001, 2002), have all been studied in the past decades
and are commonly used as SSEP measurement parameters in
both laboratory experiments and clinical situations (De Giorgio
et al., 1993; Robinson et al., 2003; Rossetti et al., 2010; Rothstein,
2000; Young et al., 2004). The other type of abnormality is the
altered or disturbed connection induced by the alterations to the

neural signals and sources that occur after ischemic injury. This
kind of alteration is always ignored or eliminated, even though it
could represent the excessive noise induced by ischemic injury
to the neural system (Freyschuss et al., 1994; Hagerman et al.,

dx.doi.org/10.1016/j.jneumeth.2011.08.025
http://www.sciencedirect.com/science/journal/01650270
http://www.elsevier.com/locate/jneumeth
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993, 1996; Nowak et al., 1993). One possible means to assess
his temporal electrical heterogeneity or time jitter is to analyze
he variability of characteristic peak of SSEP before and after CA
nduced hypoxic–ischemic injury. Quantitatively defined by peak
atency variance, time jitter represents the coherence among the
SEPs. Smaller time jitter means peaks stay more aligned around
xed time points.

SSEPs are only several microvolts in amplitude (Meissner et al.,
004) and are always accompanied by different kinds of noise,

ncluding biological noise from the subject and electrical noise
rom instrumentation and surrounding environment (Hu et al.,
010). The signal to noise ratio (SNR) of SSEP is especially low
uring the first 2 h post-CA. Ensemble averaging (EA) is typically
sed to improve SNR through averaging waveforms in a large
ime window (20–30 trials). This method assumes all the SSEPs
n the time window have identical temporal information. Conse-
uently, the variability in waveforms would be canceled as the
esult of averaging (Turner et al., 2003). In this study, an inde-
endent component analysis (ICA) based on second order blind

dentification (SOBI) method is utilized to extract peak informa-
ion from SSEPs recorded from rats that underwent asphyxial CA
n order to preserve the peak variability alteration of SSEP. This

ethod enables us to increase temporal resolution and pick up
patial or multichannel information instead of temporal informa-
ion from ensemble averaging. The effectiveness of this method
s quantitatively evaluated, and then the variances of character-
stic peaks are compared with different neurological outcome
roups at different recovery periods after CA. Thus, peak variabil-
ty is a new parameter that can be used to ascertain neurological
utcome.

. Materials and methods

.1. Global hypoxic–ischemic rat model of CA

All use of rodents in the outlined experimental studies was
pproved by the Johns Hopkins School of Medicine Animal Care and
se Committee. Sixteen male Wistar rats (350 ± 25 g) underwent
sphyxia, resulting in CA and global cerebral ischemia, following
he previously described model (Jia et al., 2008a,b). Based on our
revious research experience, 7 and 9 min  of asphyxia time reflect
urvivable with moderate and severe brain injuries in rats, respec-
ively (Jia et al., 2006, 2008a,b,c; Madhok et al., 2010; Wu  et al.,
010; Xiong et al., 2010). Eight of these rats were randomly selected
nd subjected to 7 min  of asphyxia time while the other eight rats
ere subjected to 9 min  of asphyxia time. On the day of experiment,

ats were intubated and mechanically ventilated with 1.5% isoflu-
ane carried by N2/O2 (50:50%) mixture. The femoral artery and
ein distal to the inguinal ligament were cannulated so as to mon-
tor arterial blood gases (ABG), observe blood pressure, and deliver
rugs. During surgery, body temperature was maintained between
6.5 and 37.5 ◦C by using a thermo-regulated heating pad (TCAT-

 Temperature Controller, Phyritemp, NJ, USA). The SSEP baseline
as recorded for 15 min, followed by 5 min  of isoflurane washout.

 mg/kg of vecuronium were injected 3 min  before the end of isoflu-
ane washout and the gas mixture was switched to room air.
hen, CA was started by cessation of mechanical ventilation last-
ng for either 7 or 9 min  as pre-determined. The time elapsed from
he start of ventilation cessation to the time mean arterial pres-
ure (MAP) went below 10 mmHg  was recorded. Cardiopulmonary
esuscitation (CPR) was performed with external chest compres-

ions, mechanical ventilation, and intravenous epinephrine and
aHCO3 until ROSC. Keeping with animal care standards and allevi-
ting pain and suffering associated with median nerve stimulation,
soflurane was used continuously starting from 45 min  after ROSC
 Methods 201 (2011) 355– 360

to the end of the fourth hour, and for 15 min  at 24, 48 and 72 h after
CA, restarting at 0.5% and titrating up to 1.5% as needed.

2.2. SSEP recording and stimulation protocol

One week before the experiment, 4 epidural screw electrodes
were implanted above the rat’s primary somatosensory cortex
areas of the fore and hind limbs, and a ground electrode on
the parasagittal right frontal lobe. All electrodes were carefully
implanted so that they only made light contact with the dura mat-
ter and did not penetrate into the brain (Onifer et al., 2005). Dental
cement was  used to cover the electrodes, lead wires and exposed
skull. SSEP signals were recorded using Tucker Davis Technologies
(TDT) data acquisition systems and software (Alachua, FL). Dur-
ing the CA experiment, median nerve stimulation was delivered
through subdermal needle electrodes placed in the right and left
distal forelimbs. Stimulation with 200 �s duration, 6 mA  current
and 0.5 Hz frequency was directly applied. The SSEP signals were
recorded continuously in the first hour after CPR and every 15 min
for the next 3 h. Finally, SSEP at 24, 48 and 72 h after CPR were
recorded for 15 min. The signals were digitized with a sampling
frequency of 6.1 kHz.

2.3. Neurologic evaluation

Neurological function was  evaluated by serial neurologic deficit
score (NDS) assessments at 24, 48, and 72 h after CPR (Jia et al.,
2006). This scale has been previously validated as a measure-
ment tool to assess neurologic outcome in rats after global
hypoxic–ischemic injury (Geocadin et al., 2000a,b; Jia et al., 2008b,
2006). The NDS scale is an amendment to several other examina-
tion tools used in human neurologic exams and to assess outcome
scales for rats, dogs and piglets. The NDS ranges from 0 to 80, where
80 represents the best neurological outcome and 0 the worst. The
72-h NDS was the primary outcome measure, as the neurological
outcome will achieve a more steady state status after 72-h accord-
ing to our previous experiences (Jia et al., 2006, 2008a,b; Madhok
et al., 2010; Wu  et al., 2010; Xiong et al., 2010). Rats were divided
into good outcome (NDS ≥ 50) and bad outcome (NDS < 50) group
according to NDS scores 72 h after CA (Wu et al., 2010; Xiong et al.,
2010).

2.4. SOBI algorithm

ICA or blind source separation is a method that recovers and
separates the source signals from the unknown mixed data (Lemm
et al., 2006). Assuming that the responses to stimulation are inde-
pendent from background noise, even if signals and noise are
linearly mixed up, ICA can extract the target signal that overlap
in some frequency range with the noises. Assume that the source
components can be expressed by matrix s and the observed mul-
tichannel signals can be expressed by matrix x. Then the linear
relationship between the sources and the observed data can be
defined as x = As.  The mixing matrix A could be calculated by ICA
so that the source s could be estimated by A−1 x. As one of the crite-
ria to derive adaptive algorithms for A−1, SOBI has many advantages
such as simplicity, reliability and robustness compared to other
ICA algorithms (Sutherland and Tang, 2006; Ting et al., 2006). The
effectiveness of SOBI in fast extraction of SSEPs has already been
demonstrated (Liu et al., 2007). The biggest difference between
SOBI and EA is that, other than incorporating the peak information
of 20–30 trials, SOBI associates multi-channel information within

one trial and achieves denoising and peak extraction through inter-
channel coherence.

In this study, we  recorded the electrical activities in the
somatosensory cortex via four channels, which correspond to
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Fig. 1. (A) Source components decomposed by SOBI from multi-channel SSEP. Chan-
nels  1 and 3 contain peak information around 10 ms which are recognized as N10,
while channels 2 and 4 do not have short-latency components. (B) Original SSEP
signal resulting from stimulation of contralateral side forelimb channel. Notice only
Y. Ma et al. / Journal of Neuros

he sites for left forelimb, left hindlimb, right forelimb and right
indlimb, respectively. Since only one side of the animal was stimu-

ated at a given time, SSEPs only appeared at contralateral channels,
nd the ipsilateral channels provided the noise information in the
xperimental system. The obtained multi-channel information was
ecomposed into 4 source components using the SOBI method. The
wo source components that contained the characteristic SSEP peak
ere manually selected to reconstruct the SSEP signal while other

ource components were discarded as noise.

.5. Signal processing and statistical analysis

After being processed by the SOBI algorithm, the SSEP signals
ere filtered by a low-pass filter with 1500 Hz cutoff frequency

o prepare for the peak detection. Then, the SSEP’s signature peak
10 was detected as the local maximum during 9–13 ms  after the

timulation (Xiong et al., 2010). The number of undetectable N10
eaks was recorded to assist with further analysis. Latency was
easured from the start of the stimulation to the N10 peak. In our

tudy, time jitter of SSEPs was described by the N10 peak latency
ariance.

Parametric data (i.e. latency, latency variance, weight, and
sphyxia time before CA) were reported as mean ± SD and were
nalyzed by one-way analysis of variance (ANOVA) as a repeated
easure with Student–Newman–Keuls (SNK) analysis used for
ultiple comparisons. To demonstrate the effectiveness of SOBI

echnique in different time segment, paired sample t-test was used
o compare the N10 peak detection rate before and after processed
y SOBI. A level of p < 0.05 was selected in order to consider the
ifferences significant. All the statistical analyses were performed
sing PASW Statistics 18.0 software (IBM, Somers, NY, USA).

. Results

Sixteen rats were included in this study. Eight of them under-
ent 7 min  asphyxia while the rest underwent 9 min  asphyxia.

here were 9 rats that had a good outcome, while the other 7
ad a bad outcome. The mean time from the start of asphyxia to
ean arterial pressure <10 mmHg  for good and bad outcomes were

84 ± 34 s and 186 ± 34 s and no significant difference was found
p-value 0.901). SSEP signals from all rats were processed by SOBI
rst. Through SOBI, the SSEP components were extracted, assum-

ng statistical independence among the sources, and then used to
econstruct the SSEPs.

Fig. 1 is an illustration of the SOBI technique applied on SSEP
ignals from a randomly chosen representative rat 120 min  after
OSC. Multi-channel SSEP recording from forelimb and hindlimb
ensory area in both hemispheres were decomposed to four source
omponents. It can be seen in Fig. 1(A) that channel 1 and 3 con-
ain SSEP N10 peak information around 10 ms  while in channel 2
here is no appreciable characteristic information, and most of the
ignal in channel 4 is noise. Consequently, signals in channels 1
nd 3 were selected to reconstruct the SSEP signals. Comparing
he original waveform and the one reconstructed by SOBI from the
timulation contralateral side forelimb channel (Fig. 1(B) and (C)),
t was seen that SOBI was able to discriminate the target N10 peak

ith substantial noise recorded from the ipsilateral channels.
In this study, N10 was severely suppressed or even missing dur-

ng the early stages of recovery (0–90 min). This was the same as in
ur previous study (Wu et al., 2010; Xiong et al., 2010), so the data in
he first 90 min  post-CA were excluded in our study. To evaluate the

eak enhancement facility of SOBI, the peak detection rate – defined
s ratio of detectable N10 peak over total sweeps number within

 min  – was compared before and after SOBI processing, as shown
n Fig. 2. The overall peak detection rate after processed by SOBI for
N7 is visible. (C) SOBI reconstructed signal from stimulation of contralateral side
forelimb channel. We see that now both the N7 and N10 peaks are visible after SOBI
processing.

all rats was significantly higher than the raw data before SOBI pro-
cessing (repeated measures ANOVA, p < 0.001). Combining all rats’
data together, consistent significantly higher detection rates were
found with SOBI technique from 90 min  to 48 h (all p < 0.001) and at
72 h (p < 0.01) post-CA. The significant improvement of peak detec-
tion rate remains during the whole time segment, when all rats
are combined together, or stratified with good/bad outcome (all
p < 0.05), or 7 min/9 min  asphyxial time (all p < 0.05 except p = 0.075
for 9 min  CA group at 72 h due to increased number of premature
dead rats after 9 min  severe injury). After processing by SOBI, the
peak detection rate remained above 80% after 120 min post-CA,
thus all signals were maintained at a comparable level so that the
following variability analysis was valid.

Based on the N10 peaks extracted by SOBI, the N10 peak latency
and variance at 90, 120, 150, 180, 210 min, 24 h, 48 h and 72 h of
each rat were computed by MATLAB and normalized with respect
to the baseline values (certain time value over baseline value) for

the purpose of comparison. The result was  averaged within good
outcome and bad outcome groups (Fig. 3). There is significant differ-
ence of peak latency within different time segments (general linear
model, p < 0.001). The normalized latency significantly decreased
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ig. 2. Ratio of detectable N10 peaks from raw data (dark grey bar) and data proce
4  h, 48 h and 72 h post-CA (mean ± SD). Statistically significant differences denote

rom 90–120 min  post-CA (1.08–1.05) to 150 min  post-CA (0.98),
ontinuously significantly decreased from 180 min  to 72 h post-
A (0.96–0.90) when rats gradually recovered from CA injury (all

 < 0.05), suggesting the early period (90–180 min) is critical period
f peak latency recovery after cardiac arrest. Normalized N10 peak
atencies of good outcome were slightly shorter than the bad out-
ome cases at most time points within 72 h recovery, but that
ifference was not statistically significant (repeated measures of
NOVA, p = 0.156).

Increased variances of N10 peak latency after CA were found
n both good and bad outcome groups. There are significant lower
atency variances among good outcome animals comparing to the
ad outcome animals (repeated measures of ANOVA, p < 0.001)
ith significant differences at 24 h (p = 0.001), 48 h (p < 0.001) and

2 h (p < 0.001) after CA. It is also notable that the latency variances
f good and bad outcome groups follow different recovery patterns.
or good outcome group with NDS equal or above 50, the mean
atency variance returned to the baseline level after 72 h post-CA
ecovery. In contrast, the latency variance remained at least 3 times
arger than baseline during 72 h recovery period.

. Discussion

This study demonstrates that hypoxic–ischemic injury causes
ncreased N10 peak jitter in the somatosensory pathway. Unlike
ther averaging techniques, the SOBI technique is sensitive enough
o detect such changes in SSEP signal. This was confirmed by
he present results demonstrating that the SOBI technique clearly
urpassed the performance of conventional methods. The discrim-
nating capacity of the N10 peak detection rate was  not blunted
y treatment with stratifying the animals with good/bad outcome,
r 7 min/9 min  asphyxial time. Rats with both good and bad out-
ome had an increase in the variance of SSEP N10 peak latency
fter CA. Moreover, correlation between neurological outcome
nd latency variance were found at the long-term recovery from

ypoxic–ischemic injury (24–72 h). This correlation pattern dif-

ers from traditional patterns where the neurological outcomes are
ssociated with peak latency and amplitude during acute recovery
eriod (0–4 h) after CA. This finding suggests that SSEP N10 peak
y SOBI (light grey bar) in baseline, at 90 min, 120 min, 150 min, 180 min, 210 min,
sterisks (**p < 0.01, ***p < 0.001).

variance is able to indicate the time-variant changes in sensory
pathway induced by cardiac arrest.

The SOBI algorithm is necessary to detect the SSEP peak jitter in
brain ischemia injury. As demonstrated by former studies, wave-
form distortion and suppression were observed in early recovery
(Wu et al., 2010; Xiong et al., 2010). As Fig. 1(B) and (C) shows,
the N10 peak is so small after injury that it is more than often
over-ridden by preceding peaks. As a consequence, local maxima
approach to N10 peak detection will fail or be falsely detected
in this scenario. Therefore, without the SOBI algorithm the high
probability of false detection will invalidate the reliability of peak
variances.

Comparing to traditional EA methods, the SOBI method makes
full use of multi-channel information and manages to denoise SSEP
by using one single trial instead of repetitive temporal experiments.
We effectively increase the temporal resolution by capitalizing on
the redundant spatial information present. This enables us to mea-
sure the peak variance in the first place. The SOBI method is also
simple, reliable and robust compared to other ICA methods (Liu
et al., 2007). Specifically, in SSEP extraction, there are two  addi-
tional merits of the SOBI algorithm. First, the fast SSEP extraction
capabilities of the SOBI method yield faster results with fewer SSEP
trials. If used in clinical application, this method will distinctly
shorten the signal acquisition time and neurological outcome prog-
nostication time. The second advantage of the SOBI algorithm is
that it could enhance certain desired characteristic peaks. In this
study, we used an SSEP component in short-term latency responses,
which are commonly considered as subcortical pathway activities
(Wu et al., 2010; Koenig et al., 2006). Similarly, other SSEP charac-
ters, such as N30 and P60 in long-term latency responses, could
be obtained by using different decomposed source components
to reconstruct the signal. The drawback of SOBI technique lies in
that amplitude measurements will be untenable after the signal
reconstruction.

The SSEP test is now widely used as an evaluation of the

somatosensory pathway continuity. The sensory stimulus travels
through the peripheral nerve, nerve root, spinal cord, and sub-
cortical brain structures to the primary sensory cortex (Koenig
et al., 2006). Unlike an electroencephalogram which represents
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4  h, 48 h and 72 h post-CA (mean ± SD). The dark grey bar represents the group wit
ifferences denoted by asterisks (**p < 0.01, ***p < 0.001).

pontaneous activity, the SSEPs represent a compound series of
riggered electrophysiological activities. Thus, different tempo-
al segments represent distinctive behaviors. For example, long
atency responses in humans (like N70) denote complex cortico-
ortical pathways, which are important for sensory functions (Madl
t al., 2000). Furthermore, absence or distortion of short latency
esponses (like N20) increases the likelihood of thalamic and corti-
al injury (Ahmed, 1988). It is generally believed that the N10 peak
n the rat model shares the same origin with the N20 potential in
umans (Madl et al., 1993).

In our previous studies, using combined averaged N10 peak
atency and amplitude technique without latency variance infor-

ation, delayed latency and suppressed amplitude were correlated
ith neurological outcome in the acute recovery period (0–4 h)

fter CA (Madhok et al., 2010; Wu et al., 2010; Xiong et al., 2010).
n this study, significant differences of N10 peak variance between
ood and poor outcome groups were found at 24, 48 and 72 h post-
A. The fact that the correlations of neurological outcome with

10 peak latency and variance reside in different recovery periods
ay  suggest that peak latency and variance evaluate two different

inds of abnormalities in neural system. The neural conductivity
s impaired immediately after CA, while the disturbed connection
een good and bad outcome groups at 90 min, 120 min, 150 min, 180 min, 210 min,
d outcome while the light grey bar represents bad outcome. Statistically significant

may  have a prolonged effect on the sensory pathway. Furthermore,
the peak latency and peak variance could act as complementary
indicators to shed better insight on the neurophysiology deficit
caused by CA induced hypoxic–ischemic injury.

Though there is no evident pathophysiological explanation for
this phenomenon, the increasing jitter is thought to be a reflection
of the transition ability of the neural system to transmit impulses
(Tanhehco, 2003). As a measure of electrical instability due to
ischemia, it may  result from both structural and dynamic abnor-
malities (Nowak et al., 1993). The increased latency variance at the
later time (24–72 h) after cardiac arrest may indicate inconsistent
recovery in latency associated with bad functional outcome. Spatial
nonuniformities of recovery and local differences in recorded SSEP
may  also contribute to it (Nowak et al., 1993). The effectiveness of
time jitter analysis has been demonstrated in the area of electrocar-
diography and electromyography (Nowak et al., 1993; Tanhehco,
2003). Our study is the first application using SOBI detecting vari-
ance in neural signals like SSEP with quite promising results. The

results of our study indicate that SOBI technique is an efficient
method in the identification of peak detection and offers a favorable
alternative which may  also be useful in neural system evaluation
through revealing the neural transmission variation.
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. Conclusion

This study demonstrated the discriminating capacity of the N10
eak detection by SOBI technique clearly surpassed the perfor-
ance of conventional methods. N10 latency variance, related with

europhysiological dysfunction, increased after hypoxic–ischemic
njury. The SOBI technique is an efficient method in the identifica-
ion of peak detection and offers a favorable alternative to reveal
he neural transmission variation.
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