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Abstract Prepulse inhibition (PPI) deficits have been seen in various neuropsychiatric disorders, such as schizophrenia,
Tourette’s syndrome and Huntington’s disease. How to effectively distinct these PPI deficit subjects from normal ones is a
challenging task because the PPI data measured from animal experiments are usually erroneous, incomplete, and unstable.
In this paper, we introduce a novel multi-scale Bayesian hypothesis testing (MBHT) method to rectify the PPI data. Spe-
cifically, we regard any startle response signal as a deteriorated result from a hypothesis and reconstruct the complete and
stable signal using a Bayesian hypothesis testing approach. The multi-scale analysis here is necessary because we cannot
directly estimate the proper scale for a hypothesis even we have some statistical quantities of the whole population. By
carrying out two sets of animal experiments using different medicines, we show that this MBHT method is much more ro-
bust than the conventional method. The analytic methodology proposed in this work can also be applied to similar animal

experiments.
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1. Introduction

The prepulse inhibition (PPI) refers to the reduction in
startle reaction in response to a startle-eliciting “pulse”
stimulus when it is shortly preceded by a sub-threshold
“prepulse” stimulus[1,11,12]. This test provides an opera-
tional measure of sensory gating of subjects. Disruption of
PPI has been related to central dopamine hyperactivity[2]
and is observed in schizophrenia patients[3-5] and in animal
models of this mental disorder[6-8]. In recent studies we
established a novel animal model of schizophrenia by ex-
posing young adult C57BL/6 mice to cuprizone (CPZ), a
copper chelator. The CPZ-exposed mice show some behav-
ioral changes reminiscent of certain schizophrenia symp-
toms. One of which is PPI deficit[9, 10]. Furthermore, the
PPI deficit can be prevented or attenuated by antipsychotic
drugs including clozapine (CLZ) and quetiapine (QTP)[10].

The details of PPI test and format of the PPI data has
been described before[8,9,11]. The PPI data contain con-
siderable amount of information about the different aspects
of a startle response. The raw data of PPI test need to be
examined and justified carefully as certain trials may con-
tain questionable data that should be excluded from statisti-
cal analysis[11,12]. In addition, we need to consider the
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following possibilities of causing false PPI data:

@ Incompleteness (Type I): if an animal’s movement
starts before a prepulse is given, the recorded data do not
reflect a real startle response to a pulse.

@ Incompleteness (Type II): if an animal’s movement
happens after the completion of a pulse the recorded data
are not related to the pulse too.

@ Instability (Type I): some animals may shake several
times following a given pulse and this will result in several
peaks in the response curve.

Instability (Type II): the same animal’s startle responses
to a given pulse may vary a lot in repeated experiments.

Any desirable method for the analysis of PPI test should
consider all the above issues. However, as we will show in
next sections, the conventional PPI evaluation method fails
to take account of these problems.

2. Approach

2.1. Conventional method

A typical PPI test contains the following five types of tri-
als[9-12]: Nos stands for the trial with neither prepulse nor
pulse stimulus; P stands for the trial with only a pulse
stimulus; PP1 stands for the trial with a pulse and a prepulse
stimulus of 3 db above the background level; PP2 stands for
the trial with a pulse and a prepulse stimulus of 6 db above
the background; PP3 stands for the trial with a pulse and a
prepulse stimulus of 12 db above the background.
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Conventional method starts with computing the averages
of Vmax[10] for a trial. AV(P), AV(PP1), AV(PP2), and
AV (PP3) are used to denote the averages of Vmax for trials
P, PP1, PP2, and PP3, respectively. Then, it proceeds to
compute PPIs for three different prepulse levels using the
following formula,

AV(P)— AV (PP1)

PPI, = x100%
AV (P)
_ 1
ppr, < AVP)—AV(PPY) 0, (1)
AV (P)
PP]3 = M X 1()()%
AV (P)

Although widely used[10], this intuitive method doesn’t
take account of the possibilities of causing false PPI data as
discussed in last section.

2. 2. Multi-scale Bayesian Hypothesis Testing

Bayesian hypothesis testing or Bayesian inference[13]
refers to a method of statistical inference which estimates the
probability of a hypothesis, given some observed evi-
dence[14]. Given observed data X and a set of possible
6 € 9, the estimation usually takes the following form

p(0|a,X) = p(X|6)p(6; | a) 2)
where p(0.|a,X) represents a confidence in choosing the
hypothesis 6, and « is the mathematical symbol for pro-
portionality. This confidence usually comes from both the
assumption or prior p(6;|«) on hypothesis 6, and the
conditional probability p(X|6,). « 1is a set of parameters for
generating 6, . After we have estimations for all 6,3, we
may estimate the mode by computing the Maximum A Pos-
teriori (MAP)

Ovup =argmax p(6; | a, X) 3)
6;e8

Bayesian hypothesis testing has been widely applied in
machine learning and data mining[15]. Especially, it has
been widely used in many error rectifying scenarios, such as
the semantics or word correction in search engine, audio
signals[16], and gene expression analysis in bioinformat-
ics[17]. In this work, we explore this powerful technique to
rectify the erroneous responses in the PPI data. To achieve
this aim in a Bayesian inference way, we first need to give a
probabilistic description for the startle response signals.

2. 3. Multi-scale Bayesian Hypothesis Testing For PPI
Data Analysis

We start with a brief overview of the PPI data. For each
animal in a given trial, we repeat the experiment for several
times and record a continuous response signal each time.
This is named as a basic unit test, and for each trial we have
several unit tests using different animals. After putting all
signals from all trials together, we extract some useful in-
formation such as peak value of each response (Vi.x) and
time span of each response as the PPI data. These signals
might be erroneous, incomplete, and unstable as aforemen-
tioned in the Introduction. In an ideal PPI test, we expect to
have ideal animals for each unit test. These ideal animals are

expected to give the same complete and stable responses in a
given trial and thus we can avoid the incompleteness and
instability.

Different from the conventional method which is based on
simple averaging, we propose to use a probabilistic approach
to modelling the PPI data. Specifically, for the unit test &,
we regard the j -th measured startle response signal x; e U*
as a deteriorated result from a hypothesis 6, € ¢, where U* s
the set of response signals measured in the unit test k. Un-
der this assumption, a hypothesis can be viewed as the signal
generated by an ideal animal. Particularly, we assume the
hypothesis 6. here is a complete, stable signal controlled by
a set of environment parameters o . Quite often, we only
have a set of pooled signals X for a trial and we cannot
differentiate signals for each unit test U*. This further im-
poses difficulties to the estimation of parameters for each
hypothesis and we have to compute p(X|6) instead of
pw*i6)

Intuitively, a hypothesis 6, is a continuous signal ap-
peared for a certain length of time. It is controlled by three
parameters: type of kernel functions, scale and location. As
we observed in PPI tests, the original response signals usu-
ally admit a symmetric-bell-like curve so we will directly use
the Gaussian function K and focus on the choice of a proper
scale A, . This choice of Gaussian function is also natural in
the aspect that we wish the hypotheses are complete and
stable. By taking this kernel, the scale 4, now has a
real-world meaning: it represents the duration of the mean-
ingful response; also, the location can be simply determined
by the center of the signal ¢;. Although we can always esti-
mate the mean and variance of ¢;, 4 for the whole popu-
lation in X, it is impossible to preset the ¢, for a given
hypothesis. A simple reason is that a trial X may contain
several ideal animal models or hypotheses. In this study, we
propose to use a multi-scale technique to resolve this prob-
lem. For a given deteriorated response signal, we will use the
Bayesian inference to choose a hypothesis which corre-
sponds to a proper scale. Assuming there are H different
hypotheses, we should have H different pairs of {c,, 4,7, .

The environment « controls the probability of generating
a hypothesis signal ¢, , or equivalently, the proper /;and ¢;.
We define the conditional probability as

(G-w)?

1 2
(O | @)= plc;,h | @) =———e @)

qznhf
where u is the population mean for center.

Having defined p(6,|a), we are in a position to estimate
p(X|6,), which is the probability that we may get X given
6. For each trial, we have N, observations X ={x,x,..xy}
which may be associated with the hypothesis 6,. Simply
assuming these observations are independent given 6., we
have

p(X10)=T1" p(x,16) (5)

This equation accumulates confidence through a set of
observations. As aforementioned, each X;is a deteriorated
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result from a hypothesis ;. Despite all other distortions in
shape and duration, we mainly consider the distortion in the
parameter V. of ¥, which is expected to have the same
value as c¢;of 6. However, due to the instability and in-
completeness in animal experiments, V,, may be shifted
with regard to (w.r.t.) the underlying true ¢;. We introduce
the following conditional probability p(X |6))
[V max—c;|

p(x;10)=e 4 (6)
where 1 is a weight parameter. The above definition for
p(x; | 6;) shows that if the measured response actually has the
same V. as the hypothesis, we will have the largest prob-
ability to choose this # and c;.

2. 4. Evaluating PPIs using Reconstructed Hypotheses

In fact, for any given trial X, we cannot preset which
observations should belong to a hypothesis 6,. Fortunately,
we usually know the number of unit tests N; for each ani-
mal. So we simply choose the first N; observations which
are the closest to the ¢; of a given ;. Putting together, we
are able to choose the best hypotheses for any given X by
computing the confidence using Equations (2) and (3). Then,
these hypotheses are representative signals for each group.

Then we can use the density estimation method introduced
in[12] to estimate the averages of these centers c¢;in each
group as the averaged V. and again use Equation (1) to get
the PPIs.

2. 5. Experiment Design and Results

We have used the PPI test as described in previous stud-
ies[9,10]. Two independent experiments were performed
using young adult male C57BL/6 mice (6-weeks old, 20 to
22 g) purchased from Charles River Laboratories (Wil-
mington, MA, USA). After an acclimatization period of 10
days, the C57BL/6 mice were randomly assigned to any one
of the following four groups (8-12 mice/group) for the first
experiment: The CNT group, in which mice ate the standard
diet without CPZ; the CPZ group, in which mice ate the diet
mixed with CPZ (0.2% by weight); the CLZ group, in which
mice received CLZ (10 mg/kg/day) via intraperitoneal in-
jection (i.p.); and the CPZ+CLZ group, in which mice re-
ceived CPZ and CLZ. The treatment continued for 21 days.
On the 22nd day, all mice were subjected to PPI test as de-
scribed above. The second experiment was designed in the
same way as the first one and consisted of the four groups of
CNT, CPZ, QTP, and CPZ+QTP. QTP was also adminis-
tered via i.p. at the dose of 10 mg/kg/day. The treatments
continued for 21 days. On the 22nd day, all mice were sub-
jected to PPI test as described above.

All animal procedures in this study were in accordance
with the National Institute of Health Guide for the Care and
Use of Laboratory Animals and were approved by the Ani-
mal Care and Use Committee of Southern Illinois University
Carbondale.

2.6. Comparing Results from Conventional and MBHT

Methods

We computed the PPIs of each animal group by the con-
ventional method and MBHT method. Figures 1 and 3 show
PPI distributions computed by the conventional method on
the first and the second experiment, respectively; Figures 2
and 4 show PPI distributions evaluated by the MBHT
method on the same experiments.
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Figure 1. PPIs of different animal groups in the first experiment computed
by the conventional method. Abbreviations: CNT, controls; CPZ, cuprizone;
CLZ, clozapine
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Figure 2. PPIs of different animal groups in the first experiment computed
by the MBHT method. Abbreviations: CNT, controls; CPZ, cuprizone; CLZ,
clozapine
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Figure 3. PPIs of different animal groups in the second experiment com-
puted by the conventional method. Abbreviations: CNT, controls; CPZ,
cuprizone; QTP, quetiapine
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Ideally, for these two experiments, the CPZ group should
have the smallest PPI for PPI1, PPI2 and PPI3; also, when
treated with CPZ+CLZ or CPZ+QTP, the PPI3 should be
lower than the CLZ or QTP groups.
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Figure 4. PPIs of different animal groups in the second experiment com-
puted by the MBHT method. Abbreviations: CNT, controls; CPZ, cuprizone;
QTP, quetiapine

To get a quantitative description, we used a score to
measure the separability between CPZ and the other three
groups. The score was defined as the sum of squared dif-
ferences between the CPZ group and all other three groups.
Table 1 shows the scores for each method in these two ex-
periments. As shown in the figures, the MBHT method out-
played the conventional method in terms of the ability to
distinguish the CPZ groups from other groups. It should be
note that the computed PPI1 for CPZ is greater than that of
CNT in Figure 1, and our MBHT method can correct this
mistake as shown in Figure 2.

Table 1. Comparing the scores for two experiments. Large score means
better separability. The MBHT outplays the conventional method

Experiment I

5.25e+002

Experiment II
4.8788e+003
7.6695¢+003

Conventional

MBHT

1.90e+003

We should also point out that MBHT outplayed the con-
ventional method regarding the second criterion. As shown
in Figures 2 and 3, the CPZ+CLZ or CPZ+QTP group con-
stantly produce lower PPI than that of CLZ or QTP group;
however, the conventional method fails to discover this in
Figure 3.

3. Conclusions

The goal of this paper is to introduce a more reliable and
sensitive method for robust analysis of erroneous, unstable,
and incomplete PPI data. We turn to use a probabilistic
method to model the PPI data and use a multi-scale Bayesian
hypothesis testing to reconstruct complete and stable signals
from deteriorated observations.

Comparing with conventional techniques, the MBHT

method has some advantages. First, it has the potential to
greatly reduce the number of animals because some animals
may actually correspond to the same hypothesis. Obviously,
this is an animal-friendly advantage. Also, it can decrease the
workload for lab researchers. Secondly, the MBHT method
appears more robust in terms of its ability to reduce noise and
subject variability. The MBHT method reconstructs com-
plete and stable signals from deteriorated observations. The
reconstructed responses are relatively insensitive to the noise
and subject variability. Finally, we conclude that the pro-
posed multi-scale Bayesian hypothesis testing is effective in
rectifying deteriorated signals in similar animal experiments.
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