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Abstract— This paper uses an entropy based metric to study
the somatosensory evoked potential (SEP) in rodents afflicted
with focal demyelination spinal cord injury (SCI). It has
been shown that amplitude characteristics of the SEP signal
are a strong indicator of the integrity of the spinal cord
sensory pathways. Compared to conventional correlation based
metrics, the metric used in this paper exploits the amplitude
histogram of SEP signals to provide a robust assessment of the
different degrees of demyelination in the spinal cord. Results
are presented using actual SEP signals collected on rodents with
various levels of SCI.

Index Terms— Somatosensory Evoked Potential (SEP), Spinal
Cord Injury (SCI), Entropy

I. INTRODUCTION

The spinal cord serves as the signal transmission pathway

for all electrical activity between the limbs and the brain.

Spinal cord injury (SCI) impairs signal transmission, leading

to sensory and/or motor function loss. Many individuals

around the world suffer from the devastating effects of SCI,

thus motivating the need to diagnose and ultimately develop

novel therapeutic approaches for SCI.

Common approaches currently used to detect SCI include

electrophysiological [1]-[3], and imaging [4],[5] techniques.

The imaging techniques (such as MRI and DT-MRI) yield

information concerning the location and anatomical extent

of the injury and the structural damage, but do not convey

information about the functional integrity of the spinal cord

itself.

The evoked potential, which reflects the electrophysiologi-

cal response of the neural system to an external stimulus, is a

powerful technique used in SCI studies. The somatosensory

evoked potential (SEP) represents the somatosensory cortical

signal recorded in response to electrical stimulation induced

in peripheral nerves. This is generally obtained through

electrical stimulation of the median nerves at the wrist or

the posterior tibial nerves at the ankle [6],[7].

Researchers use this technique to detect the spinal cord

injury, its progress in time and evaluate the continuous neuro-

physiological changes throughout the recovery period [8]. In
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[8], it was shown that a strong indicator for severity of SCI is

given by the similarity between an SEP signal from a healthy

spinal pathway and an SEP signal from an injured spinal

pathway. This electrophysiological assessment provides a

complement to qualitative behavioral based assessments such

as Basso, Beattie, and Bresnahan (BBB) test [9],[10].

Much of the past work on quantifying the morphological

similarity between two signals has relied on correlation-

based metrics e.g. [8],[11]-[13]. In view of possible sig-

nal nonstationarity and various non-linear effects, however,

it may be more useful to view this problem from an

information-theoretic viewpoint. That is, rather than look-

ing for time-domain similarities between two signals, an

assessment can instead be conducted using their amplitude

histograms. As such, this paper considers an entropy-based

measure to quantify the level of similarity between two

signals.

The rest of this paper is organized as follows: Section II

describes the protocol for collecting the SEP signals from

rodents. Section III describes the metric for quantifying the

level of SCI. Section IV presents the results of applying the

method in Section III to the data described in Section II.

II. PROTOCOL AND DATA COLLECTION

In accordance with the Rodent Survival Surgery Manual,

and with approval from the Institutional Animal Care and

Use Committee at the Johns Hopkins University, the SEP

data used in this paper was obtained by inducing focal

demyelination lesion in dorsal pathways of rat’s spinal cord.

Recombinant myelin oligodendrocyte glycoprotein (MOG)

corresponding to the N-terminal sequence of rat MOG amino

acids 1 to 125 (MOG1-125) was emulsified in incomplete

Freund’s adjuvant (Sigma-Aldrich) as 1:1 mixture (Imject

IFA;Pierce). 100μl = 50μg of this emulsified MOG1-125

(courtesy of Dr. Sha Mi, Biogen-Idec, Cambridge, MA) was

injected subcutaneously near the base of the tail of each rat

at 2 contralateral sites (50μl per area to minimize irritation

to the skin). The rats were subjected to T9 laminectomy

and either (2x2μl) cytokines (250ng of TNF-α, 150U of

INF-γ and 40ng of IL-6) or (1g) ethidium bromide or a

combination of the two was injected into dorsal white matter

using Hamilton needle (31G). This causes inflammatory

demyelinating lesions, similar to the active demyelinating

plaques that characterize multiple sclerosis (MS). Every

seven days thereafter, SEP recordings were performed [14].

The signal-to-noise ratio of the SEP signals was improved

via averaging.
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III. QUANTIFICATION METRICS

Consider a random message source with underlying dis-

tribution pi. The information associated with the message i
is defined as

I(i) = log2

1
pi

(1)

where I(i) is measured in bits. As can be seen from (1),

this definition of information fits with an intuitive notion:

messages with low probability result in high information

values, whereas messages with high probability yield low

information values. The entropy of a distribution pi is a

measure of the amount of uncertainty associated with pi.

Consequently, it is defined as the average value (expected

value) of the information content of a message drawn from

the source, that is

H(p) = E {I(i)}
=

∑
i

pi log2

1
pi

(2)

Entropy is often explained as the minimum number of

bits required to code a message from a source with proba-

bility distribution pi. Suppose however, that the probability

distribution is assumed to be different from pi, that is, it is

assumed to be another distribution qi. If coding is performed

on a message originating from a source with distribution pi

but assuming a distribution qi, then the additional number of

bits required to code the message is given by [15]

H(p, q) =
∑
i

pi log2
1
qi

where H(p, q) is called the cross-entropy. Thus, the addi-

tional number of bits required to encode a message based on

this erroneous assumption of the distribution is given by

D (p‖q) =
∑

n

pi log2

pi

qi

=
∑

i

pi log2

1
qi

−
∑

i

pi log2

1
pi

= H(p, q) − H(p) (3)

where (3) is known as the Kullback−Leibler divergence
(KLD) [16] and is measured in bits. Thus, the KLD is

often used to quantify the difference between to probability

distributions.

Now consider SEP signal measurements taken from a

reference (healthy) spinal pathway and from an SCI affected

pathway, with amplitude histograms that follow distributions

qi and pi, respectively. The KLD can be used to quantify the

level of SCI, since mild SCI will lead to similar distributions

for qi and pi , resulting in a low KLD value, while signals

from a pathway with heavy SCI will have a distribution

highly dissimilar to qi, leading to high values of the KLD.

IV. EXPERIMENTAL RESULTS

SEP signals for the forelimbs and hindlimbs were collected

at various stages on 27 adult female Fischer rats. As in [8],

the forelimb SEP signal is considered as a reference (healthy)

signal, since injury is inflicted below the forelimb (at T8 -

T9) and thus does not impair the forelimb spinal pathway.

Because the hindlimb SEP signal must travel through the

demyelinated (injured) section of the spinal pathway, how-

ever, it contains information pertinent to the severity of SCI.

Thus, in this section, the value of the KLD for the forelimb

and hindlimb SEP amplitude histograms will be computed

for SEP signals collected on a representative rodent sample.

Hence, the SEP data acquired from forelimbs act as internal

control.
In view of the degree of demyelination, comparison is

performed for three severities of chemical injuries in SCI,

termed moderate, severe and very severe. Representative SEP

signals and their histograms are shown in Figures 1-3. It

can be observed from these Figures that the characteristics

of the forelimb SEP are relatively stable across the varying

severities of SCI, and lends further credence to its use as

a reference SEP signal. For the hindlimb SEP signals, the

strength of the evoked potential decreases as the severity of

injury in spinal cord increases. This leads to a concentration

of lower amplitude values, resulting in amplitude histograms

increasingly dissimilar to the forelimb amplitude histograms.
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Fig. 1. Typical SEP signals for moderate SCI.

To compare the KLD values for the forelimb and hindlimb

SEP amplitude histograms based the on the level of SCI, it

is useful to view each level of SCI as a cluster, and to depict

the KLD values using a silhouette plot, which provides a

graphical representation of the degree to which a point is

similar to other points in a particular cluster. That is, suppose

that the data is divided into K clusters. Let zk,n denote the

nth point in the kth cluster. Then the average distance of

zk,n to other points in cluster k is given by

αn =
1

Nk − 1

∑
m�=n

(zk,n − zk,m)2 (4)
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Fig. 2. Typical SEP signals for severe SCI.
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Fig. 3. Typical SEP signals for very severe SCI.

where Nk is the number of points in the cluster k. In a similar

manner, (4) can be computed for other clusters as well. The

cluster that zk,n is “nearest” to (other than its assigned cluster

k) is thus defined as

βn = min
j �=k

1
Nj

∑
m

(zk,n − zj,m)2

The silhouette value is defined as:

sn =

⎧⎨
⎩

1 − αn

βn
αn < βn

0 αn = βn
βn

αn
− 1 αn > βn

It can be seen that −1 ≤ sn ≤ +1. Thus, a silhouette

value close to +1 implies that zk,n has been correctly

clustered, while a silhouette value close to −1 implies that it

is more appropriate to assign zk,n to a neighboring cluster.

A silhouette value close to zero implies some ambiguity in

cluster assignment in that zk,n resides at the border of two

clusters.

Figure 4 depicts a silhouette plot of the KLD values of

the forelimb and hindlimb SEP amplitude histograms for

the three severities of SCI. The silhouette plots were thus

computed for three clusters (moderate, severe and very severe

SCI) using two clustering methods: in the first method, clus-

ters were formed based on prior knowledge of the severity

of SCI based on the experimental protocol. In the second

method, no priori cluster knowledge was assumed, and the

KLD values were clustered using the K-means algorithm

(with K = 3). The results of both methods are shown in Fig-

ure 4. It can be seen that the K-means algorithm yields very

similar clustering compared to the original clusters formed

with prior knowledge. Moreover, only some hindlimb SEP

signals from the very severe SCI category are inappropriately

classified. This can be attributed to the high variability of

hindlimb SEP signals due to very high degree of injury

in neuropathways. Conversely, the original and K-means

clusters for moderate SCI are essentially identical, indicating

that the KLD provides a clear indication for severity of

demyelination in spinal cord.

Table I provides a comparison of the average Pearson

correlation coefficient (PCC) values using the forelimb and

hindlimb SEP signals, and KLD values using the forelimb

and hindlimb SEP amplitude histograms for the various

degree of demyelination in SCI. It is apparent that the PCC

yields very high and similar values across different degree

of demyelination, an artifact of the insensitivity of the PCC

to amplitude differences. In contrast, the KLD yields values

that are more representative of the degree of morphological

similarity, and this provides a clear indication of the level

of SCI. This is true for both the magnitude of the KLD

as well as the variability of the KLD across extent of

demyelination. This sensitivity to scaling clearly gives the

KLD an advantage over the PCC, especially in a clinical

setting where amplitude differences are important.

Fig. 4. Silhouette plot of clusters based on SCI level.

Table I provides a comparison of the average Pearson

correlation coefficient (PCC) values using the forelimb and

hindlimb SEP signals, and KLD values using the forelimb

and hindlimb SEP amplitude histograms for the various
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levels of SCI. It is apparent that the PCC yields very high

and similar values across injury levels, an artifact of the

insensitivity of the PCC to amplitude differences. In contrast,

the KLD yields values that are more representative of the

degree of morphological similarity, and this provides a clear

indication of the level of SCI. This is true for both the

magnitude of the KLD as well as the variability of the KLD

across injury levels. This sensitivity to scaling clearly gives

the KLD an advantage over the PCC, especially in a clinical

setting where amplitude differences are important.

TABLE I

COMPARISON OF SCI LEVELS AND METRIC

Metric Moderate SCI Severe SCI Very Severe SCI
PCC 0.92 0.86 0.82

KLD (bits) 0.59 2.31 6.47

V. CONCLUSION

The degree of similarity of the amplitude characteristics

between the SEP signals from healthy spinal cord pathways

and demyelinated spinal cord pathways is an excellent indi-

cator of injury in SCI. Quantification of SCI is traditionally

performed using time-series correlation metrics. In view of

possible signal non-stationarity and various non-linear ef-

fects, however, an alternative method to quantify the level of

SCI is to use the Kullback-Leibler divergence metric from in-

formation theory to compute the similarity of the distribution

of the SEP amplitude histograms. Results for SEP signals

collected on rats show that while the conventional correlation

metric yields similarly high values across different degree of

demyelination, the Kullback-Leibler divergence yields values

that are more sensitive to the degree of similarity, thereby

providing a more robust assessment of the demyelination in

SCI.
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