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A Three-State Biological Point Process
Model and Its Parameter Estimation

G. Tong Zhou,Member, IEEE William R. Schafer, and Ronald W. Schafégllow, IEEE

Abstract—The Poisson random process is widely used to de- |
scribe experiments involving discrete arrival data. However, system o ion behavior
for creating models of egg-laying behavior in recent neural
biology studies on the nematodeC. eleganswe have found that Fig. 1. Nervous system establishes muscle contraction which in turn induces
homogeneous Poisson processes are inadequate to capture thgehavior. InC. elegans 302 neurons are responsible for behaviors such
measured temporal patterns. We present here a novel three- as movement, feeding, egg-laying, defecation, and mating. The egg-laying
state model that effectively represents the measured temporal behavior involves the contraction of eight vulval muscles, which open the
patterns and that correlates well with the cellular and molecular vulva, and eight uterine muscles, which contract the uterus to expel eggs.
mechanisms that are known to be responsible for the measured
behavior. Although the model involves a combination of two . .

Poisson processes, it is surprisingly tractable. We derive closed- Mathematical model that accurately describes the temporal
form expressions for the probabilistic and statistical properties pattern of egg-laying exhibited by real animals. It is hoped
of the model and present a maximum likelihood method to that a quantitative model for the behavior will allow us to gain
estimate its parameters. Both simulated and experimental results jnsjght into the underlying biological basis for the egg-laying

are illustrated. The experiments with measured data show that - L .
the ega-laying pattemns fit the three-state model very well. The pattern. In addition, application of such a model will allow

model also may be applicable in quantifying the link between US to anal'y.ze quantitatively the egg-laying patterns of animals
other neural processes and behaviors or in other situations where With specific nervous system defects and thus to ascertain the

discrete events occur in clusters. roles of specific neurons and genes in egg-laying behavior. In
Index Terms—Biological system modeling, parameter estima- Order to do this, it is necessary to extract model parameters
tion, point process. from real data and to compare parameters extracted from

different data sets (i.e., normal versus mutant animals). Thus,

our second objective will be to derive algorithms for estimating

model parameters from experimental data and to evaluate their
ANY biological events can be modeled as point proaccuracy and usefulness in analyzing real egg-laying data.
cesses [3], [4], [7], [9]. A random point process is a The organization of the paper is as follows: In Section I,

mathematical model for a physical phenomenon characterizgd build a biologically interpretable model to account for the

by highly localized events distributed randomly in a continuun@mporal pattern of egg-laying behavior. In Section Ill, we

[7]. Recently, we have studied the egg-laying behavior of a ngerive a maximum likelihood algorithm to extract the model

matodeCaenorhabditis elegarand found that traditional point parameters. We show results from various biological experi-

process models are inappropriate to describe the obserwgehts in Section 1V, and we draw conclusions in Section V.

temporal pattern of behavior.

The nervous system is responsible for generating temporal 1. A THREE-STATE POINT PROCESSMODEL
patterns of muscle contraction, which are the basis for be-
havior (Fig. 1). Because the nervous systemQofelegans A Model Development

is extremely simple and well characterized, it is feasible to Fig. 2(a) shows a partial record of egg laying in wild-tjpe

understand how patterns of behavior arise from the actio§s leaansThe horizontal axi r nds to time in nd
of specific molecular pathways in specific cells. The prese ¢ £l€gansine horizontal axis corresponds to ime in seconas,

study has two principal objectives. The first is to devise %nd the vertical axis indicates whether an egg was laid at a

specific instant. We observed that egg-laying events were often

. . . _ clustered, with events separated by an average of about 15
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Fig. 2. (a) Temporal pattern of egg-laying behavior in wild tyPe elegans Vertical lines indicate the egg arrivals. (b) Simulated arrivals using a
homogeneous Poisson model with = 8.1 x 10=*s~!. (c) Estimated log tail probability of the interarrival times from the actual egg-laying data
(estimated slope for large intervals is8.98 x 10~*). (d) Estimated log tail probability of the interarrival times from the simulated data (estimated

slope for large intervals is-8.63 x 107%).

laying might be more accurately modeled as a random pothe homogeneous Poisson model. In Fig. 2(b), we show some

process.

simulated arrivals whose intervals were generated according to

The Poisson process is a popular choice for modeling arriva) with A = 8.1 x 10~*st, The arrivals are not as clustered
processes. The interarrival times (denoted by random variabte those in Fig. 2(a). Given a finite number of intervals, we
X) of a homogeneous Poisson process follow an exponeniiah estimate the log tail probability using the rank statistic

distribution with parameteh (see e.g., p. 57 of [7])

Ix(x)= Ae™, x>0

and it is straightforward to show that its meanFgX] = 1/
and its tail probability isPr(X > z) = ¢ **. Since the
log tail probability lnPr (X > z) = —Az is linear inx

[8]. In Fig. 2(c) and (d), we show, respectively, the estimated
log tail probability of the actual egg-laying data and those
of the simulated arrivals. The two exhibit similarity only for
long intervals (e.g.z > 100 s). In Fig. 2(c), since the slope for

the long intervals does not extend to the short intervals, we
realize that a simple Poisson model cannot capture the separate

with slope — ), linearity of the log tail probability curve mechanisms that account for the short and long intervals in the
usually is a good indication of conformity of the data talata, and a more complex model is required.
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Fig. 3. (a) Covariance between the egg-laying intervals. (b) Covariance between the log intervals.

One possibility, suggested by the differing time scales of 1p P
the long and short intervals, is that egg-laying behavior could \/
be described by a more complex point process, in which 732 A

the intracluster and intercluster arrival times are governed by
different rate parameters. As noted above, the long intervals 1 1

(i.e., >100 s) show a Ilpear l(,)g ,tall dIStrlpUt_lon’ IndlCatmgFig. 4. Three state model = inactive state.A = active state.E =

that they are exponentially distributed. Similarly, when thggg-laying state. Thel — E transition occurs with probability, and its
short intervals (i.e..<100 s) are analyzed separately, theitime constantis\;. The A — I transition occurs with probability = 1—p,

log tail distribution is also linear. This indicated that takeA"d 'S time constant id;.

separately, both the long and short intervals each model as

Poisson point processes with different rate constants and twhere0 <a <1 is the weight factor, angk; and o are the
egg-laying behavior as a whole could be modeled by couplitighe constants for the short and long intervals. Although this
these Poisson processes. It is therefore reasonable to attem@del by itself does not tell us the biological mechanism that
coupling two Poisson processes with different time scales generates the egg-laying pattern, it does provide important
describe the probabilistic structure of the intervals. We shoslues. For example, the formal states in the model (to be
in Fig. 2(c) and (d), however, only the marginal (log tailpresented next) may correspond to functional states in the
probabilities, and it is important to examine the estimatgtematode’s nervous system.

correlation structure of the intervals as well. In Fig. 3(a) and

(b), we show, respectively, the estimated covariance functi6n Model Description

of the intervals and the log intervals. Since these covariancep three-state diagram representing our model is shown in
functions peak only at the zeroth lag, it is safe to assumgy 4, and probabilities of state transitions are indicated on

and concern ourselves with the derivation of one-dimensionghterial (referred to as the egglet here) travels through three
(1-D) probability density functions (pdf's) only. states:

One of our objectives is to parameterize the data in orderl) inactive state(]);
to find a parsimonious representation of the intervals. A2) active state(A)',
reasonable “guess” is to model the pdf as a weighted sums) egg-laying stat’e{E)

of two exponential pdf's . .
P P At the A state, the egglet can either enter thestate with
Ix(@) = aure ™% + (1 — a)puge™H27, x>0 (2) probability p and materialize as an egg after some delay
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represented by an exponential random variable (r.v.) with 0
parameteri; or enter thel state with probabilityy =1 — p

and be dormant for a period of time described by a second
exponential r.v. with parameter,. We emphasize that th&
state acts as a “switch,” and there is no time delay associated=
with that state. Once an egg is laid following the — E
transition, another egglet enters thestate and faces a chance
mechanism of going through thd — £ transition and
eventually materializing as an egg or returning to thetate,

as described above. Therefore, for any egg that is released, th
muscles have existed in the following sequence of states:

?’ty

89 tail probab

A—=l—--- = A=1—-A—-FE 3)
visits to ] -5 . .
k visits to the I state 0 2000 4000 6000
where k is an integer that takes on valuésl,---,cc. The Interval time (s)

_prObab'“ty Qf. a path resultlng mkan egg laying event.thzﬂig. 5. Estimated log tail probability (dotted line) from the wild type
involves k visits to the! state ispg®, and the mean duration data and the theoretical log tail probability (solid line) that corresponds to

C. Probabilistic Analysis of the Model Since|X2 /(A2 — ju)| <1 and0 < ¢ < 1, we express the above
Our goal here is to derive the pdf of the intervals betwedfOmetric sum as
;hse egg-laying events. The characteristic function (cf) defined i) = At i o k -
)\1 —jU, k=0 )\2 —jU,
px(u) = B[], j=v-1 (@) o 1 o
. . . AL —J A
will turn out to be very useful. For the exponential pdf in (1), LTIy %
it can be shown that (see, e.g., [6, p. 116]) . 27
_ Ay —ju  pA
A AL — Jupo — ju’ (10)
Px (u) (5) ' 2

A—Ju Next, we assume\; # pl, and perform partial fraction

Suppose that the muscles have visited fhstatek times €xpansion on (10) to obtain
befpre their ent_ry int(_) the _state. Then, the duration of the Cp(A =) M A(1—p)
entire path depicted in (3) is an rX; = X; + %F X2 Px(u) =
where X; and {X,,}¥_ , are mutually independent r.v.’s i o ,
with X; having an exponential pdfi(z) with parameter N this case, t,he pdf ok’ is simply a weighted sum of two
A, and eachX,; having the same exponential pgh(x) gxponentlal pdf'$ with respective parameters; and pAx+,
with parameter),. The pdf of X is then the convolution €

pA2
A1 _p)\Q A1 —Ju Al _p)\Q p)\Q —Jju

. (11)

of individual pdf's (see e.g., [6, p. 195]) Fx(@) = k™" £ kay(pho)e= 7 2 >0 (12)
fi(@) = fa(z) = fo(x) -~ -+ folz). where

k times kl _ P)(\)\l — ig) (13)

Since the probability of this particular path (wikhvisits to the 1= P2
I state) ispg®, the pdf of the intervals between the eggs laid is ko = i\l(l _)1\’). (14)

1 — PA2

Fx(@) = S pd* fu(@) = fa(w) * fole) - fa(w).  (6) It follows easily that the tail probability o is

k=0 ktzgles Pr (X Z .’L’) = kl 6_)\11‘ + I{JQG_(pAZ)x. (15)

The above expression can be much simplified with the helpin Fig. 5, we show the log tail probability estimated from
of the cf. First, we realize that the cf for (6) is the produghe actual egg-laying data (dotted line) and the logarithm of

of the individual cf's (15) (solid line, usingp = 0.5891,A\; = 0.0501s71 Xy =
0 0.0014s7%; these parameters were estimated from the data
Px(u) = quk¢1(u)[¢2(U)]k using the methods described in Section IIl). Close agreement
k=0 between the two is observed.
=9} k
. k AL A2 (7) 2When A\; # pX2, we can interpret (12) as an “exponential mixture.”
- qu AL — Ju | da — ju . Just as “Gaussian mixtures” are sometimes postulated to handle outliers, the

o~
Il

0 exponential mixture serves to model both short and long interval times here.
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Fig. 6. (a) Histogram (bar graph) of the log intervals from the wild type data. (b) Histogram (bar graph) of the log intervals from the simulated data
generated according to the three-state model. Dotted lines correspafid($0 with p = 0.5891, A1 = 0.0501s~!, Ay = 0.0014s~!. Dashed lines
show the values—In (A1) and —In (pA2).

Since the intervals between the eggs laid are clusteredpabks aty = —In(pA2) with peak magnitudé:;/c. When
short intervals and sparse at long intervals, their logarithin andpX, are sufficiently different, the overall pdf (y) =
Y =1n(X) will have a more uniform spread. In Section Ill,g1(y) + g2(y) exhibits a bimodal pattern with peak locations
we will show that the distribution of the log intervals is aaround—In A; and—1In (pA2) and peak heights approximately
useful basis for estimating the parameters of the model. k; /e and k2/e. This property can be explored for parameter
Recall that the pdf oft” is related to that ofX via (see estimation purposes, as will be seen in Section IlI-A.
e.g., [6, p. 93] In Fig. 6(a), we show the histogram of the log intervals
for recorded egg-laying data and in Fig. 6(b), that of the
(16) simulated data generated according to the three-state model
with parametergp = 0.5891,\; = 0.0501s7%, and A, =
Substitutingz = ¢¥ and dx/dy = ¢¥, we obtain the pdf of 0.0014s~!. In both cases, the total number of intervals is 216.

the log intervals We also show with dotted lines, the pdf of the log intervals
= e A =M s (p s )~ @A2)e? 108 17 (17) that corresponds to the above parameters. Both histograms
Frw) = [kidwe +ka(pAz)e Je (7 show a bimodal pattern with peaks located arounbh (A;)
Let us focus on the first term in (17) and —In (pA2) (dashed lines).
“Aje¥y A special case worth mentioning is whan = pX.. In that
_ Are Y p g n DPA2
91(y) = (k1 Ase )e?. (18) case, we take the limit of (12) with\, — A, and obtain
It can be shown that
k fx(z) = (A} (1—px —i—p)\l)e_)‘””, x> 0. (23)
B ly=mtar = (19) 1
Ag1(y) The pdf of the log intervals igy (y) = ¢¥ fx(x)|z=» and can
=0 (20) -~ .
O |y, be shown to exhibit a single peak.
8291(y)
o2 LS 0. (21) D, statistical Analysis of the Model
Yy=—In i . i
Therefore,q1(y) peaks aty = — In A, with peak magnitude Since the closed-form expression for the pdf of the intervals

is available, we can calculate many probabilities of interest.
For example, if a long (L) interval is defined as being at least
g2(y) = (kaproc™P22")e¥ (22) a seconds long, then the probability that any given interval

k1/e. Similarly, the second term in (17)



ZHOU et al: THREE-STATE BIOLOGICAL POINT PROCESS MODEL AND ITS PARAMETER ESTIMATION 2703

is long is Next, we find thekth-order cumulant ofX as

pr = kie™NM 4 kpem A2 (24) o = L Px(w)
b TR T Ouk

and the probability that any given interval is shoft) is

1 1 1
— _{]l _ - - - _ -
ps=1—p. (25) =—(k-1) [Ag N ()t
Moreover, if we define clustering a/ or more consecutive (L _\E=DY (kD! (32)
short intervals followed by a long interval, then the probability Pk P\ PLE

of clustering is(ps)™. - , : .
We are also interested in finding out the average duratig ecifically, we find the first- through third-order cumulants

of the short and long intervals. First, we deduce that thenr X as
respective conditional pdf's are el =E[X]=(1/p—1)/Aa+1/N (33)
_ _ 21 _ 2 2 2
fe(@lX <a) = fX(a:)7 0<z<a (26) cor = E[(X CIw)g] = (1/p3 1)/)2 + 1/)\;) (34)
P(S ) s = B[(X —c12)"] = (2/p° = 2)/X3 +2/A1. (35)
Ix(z
fx(z|X > a)= L > a. (27)  They are referred to as the mean, variance, and skewness,

o ) ] ) respectively, [5, p. 16]. These expressions can be used together
Substituting (12) into (26), we find the average duration of thgith their sample statistics to generate estimates for the

short intervals parameterg, A; and A.

/“ fe(alX <a)d [ll. PARAMETER ESTIMATION
= x x a)ax
0 . - Our goal here is to estimate the model paraméters
1k i 1 e, ko 0 = [p,A\1,\2] from N observations of the intervals
ps | 7 )\_1+a ¢ +1T2 x = [x1,72,---,zn]. Since closed-form expressions for
1 - the pdf fx(x) of the intervals andfy (y) of the log intervals
— k2 @ +aje P (28) are available, various estimation procedures can be followed.

o _ _ _ We shall first use a simple, noniterative method to obtain good
Similarly, we find the average duration of the long intervalsinjtial estimates for the parameters and then refine them using

X1 =E[X|X > dq| a maximum likelihood approach.
= / rfx(z|X > a)dx A. Estimation Based offiy (y): Peak Picking
1a 1 \ 1 \ Since the pdf (17) of the log interval® peaks around
=L {/ﬁ <)\—1 + a) e + ko <@ + a) e”” 2”} . —1In )\; and —1In (pXo) with approximate peak strengths/c

and k2 /e, we first form the histogram of the log intervals
(29) ; : -
at uniformly spaced bing;. The histogram values are then
From their complete probabilistic description (i.e., the pdfjjormalized by the sample size so that the scaled histogram
we can obtain arbitrary order moment or cumulant expressicsgyves as an estimate ¢f-(y). Next, we estimate\; and
of the intervals as well. These statistics can yield methods),) from the peak locations of the histogram akhd/c and
for model parameter estimation and will also be useful fgf,/c from the corresponding peak heights. Afterwards, we

performance analysis of the sample estimates. find [cf., (13)]
It turns out that the cumulants of the interval§ have — . — —
simpler expressions than the moments. Refer to [2, Sec. 2.3] (pA1) = k1AL = (PA2)] + (pA2) (36)

for definitions and properties of cumulants. The so-called
. L . . and
cumulant generating function is the logarithm of the cf, i.e.
¥x(u) = Inpx(u). For our three-state model, we infer from b= (\)/A, A= (pha)/b. (37)
(11) that the cumulant generating function is
) ) Since histograms are calculated at a set of discreteins
Px(u) = In (Ao — ju) — In (A — ju) we may wish to interpolate around the bins to obtain a smooth
+In(pA1) — In(pro — ju). (30) looking fy (y) as an estimate ofy (y), prior to peak-picking.
This ensures good resolution of theaxis. Provided that the

By induction, we can prove that thith-order derivative of bimodal pattern is evident, estimates obtained from the peaks

i -
(30) is of fy(y) are usually reasonably accurate.

Py (u ) — )k _ Nk

Lk() = (—1)"_1(1§ — 1! ( J)‘ o= ( J)‘ : 3Skewness is sometimes defined:as divided by the cube of the standard
du ()\2 —]U) ()\1 —]U) deviation to make it dimensionless. However, the normalization factor is

(—J)k immaterial for modeling purposes.
- —k} . (32) 4We may also define the parameter vectorfas: [ki, A1, Az = pAa],
(PA2 — ju) estimate it, and then find ogtand \..
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TABLE |
MONTE CARLO SIMULATIONS OF THE PEAK PICKING ALGORITHM TO
ESTIMATE THE PARAMETERS OF THE THREE-STATE MODEL. RESULTS ARE
OBTAINED USING 100 INDEPENDENT REALIZATIONS OF 216 INTERVALS EACH

Parameters True Estimated (mean % std)
D 0.5891 0.6006 = 0.6186 x 101
Al 0.5010 x 1071 | 0.5531 x 10~! 4 0.1491 x 107!
Ao 0.1400 x 1072 | 0.1617 x 1072 +0.4794 x 1073
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(a)—(c). Intermediate ML estimates@afA;, and A2, respectively. (d) The log likelihood function increases and attains its maximum at iteration 63.

TABLE 1
MONTE CARLO SIMULATIONS OF THE ML A LGORITHM TO ESTIMATE THE
PARAMETERS OF THE THREE-STATE MODEL. RESULTS ARE OBTAINED
UsSING 100 INDEPENDENT REALIZATIONS OF 216 INTERVALS EACH

Parameters | True | Estimated (mean =+ std)
P 0.5891 0.5967 + 0.3559 x 107!
A 0.5010 x 107! | 0.4969 x 107! & 0.5921 x 102
A2 0.1400 x 1072 | 0.1396 x 1072 +0.2137 x 103

Example 1: We simulated 216 samples of interval dataB. Estimation Based offix (z): Maximum Likelihood Method

according to our three-state model with parametgers=

Recall that the intervalsX are i.i.d. random variables

0.5891, A1 = 0.0501 Sf.lv)‘2 = 0-001.4571- From the peak \ith pdf specified in (12). If a record o intervalsz =
locations and peak heights of the histogram of the log |nte[gil7x27 ..., zn]' is observed, the likelihood function is then

vals, we can obtain estimates fpr\;, and A\; as described

above. The mean and standard deviation from 100 independent

realizations are shown in Table I. O

To improve the accuracy of the peak-picking approach, we

may consider a nonlinear least squares matching criterion

seek a model that best fits the given histogram data. The

N

fX(.’L’|0) = H[kl)\le_)\lxi + k?(p)‘Q)e_(P)\z)aci]

=1

(38)

#Hifl the log likelihood function is
N

method to be described next, however, is preferred becausi f(z]0) = > In[k A e™™™ + ky(pAp)e™®)™].  (39)

it yields maximum likelihood estimates.

=1

The maximum likelihood (ML) estimat® is defined as
the # that maximizes the likelihood functiorfx(x|@) or,

5There are two ways to generafé that has the pdf (12). One way is ; Lali :
to use one Bernoulli random number generator and two exponential randgrqu!valemly’ the IOg_ ||k§||h00d func_tlom_f($|0)'_ .
number generators and to “synthesize” their outputs according to the three-Since the (log) likelihood function is nonlinear in the

state model. An alternative approach is to first generate a uniform (in [arameterd), convergence to local maxima is possible, and

T H : —1/7r
1)) r.v. U and then obtainX" through transformatioX’ = F'y (U), where 4444 jnitial guesses are critical. We can use the estimates
Fy(2) =1—kie™ 1% — kge™P 27 s the cumulative distribution function btained f h K picki hod initial
of X, i.e., the indefinite integral of (12). Th& so generated will be i.i.d. obtained from the peak picking method as Initial guesses.

and have the pdf given by (12). Although the ML algorithm is nonlinear, our experience has
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Fig. 8. Caenorhabditis elegantaying eggs. Shown is a wild-typ€. eleganshermaphrodite (strain N2 Bristol) and recently laid eggs under standard
experimental conditions (NGM agar plates seeded Wthcoli OP50 bacteria as a food source).

shown that its convergence is fairly fast. The ML method isying data has allowed us to characterize the roles of specific
adopted in this paper to analyze the real data records. neurons and neurotransmitters in the nematode nervous system
Example 2: We simulated 216 samples of interval datén generating patterns of egg-laying behavior. By extracting
according to our three-state model with the same parametersdel parameters from egg-laying data obtained from wild-
used in Example 1. Using the peak picking method, wgpe animals, mutant animals, and animals containing precise
obtamed initial estimateg = 0.5507, )\1 = 0.1044s7%, and neuronal ablations, we can identify which feature of the
A2 = 0.0016s" for one particular reahzatlon We then usecekgg-laying pattern is controlled by a particular neuron or
them as initial guesses to start the ML algorithm. After 6Beurotransmitter. Although the specific conclusions drawn
iterations, the ML algorithm converged and yielded final estfrom such studies are described in detail elsewhere [10], [11],
matesp = 0.5847, \; = 0.0422s~!, and \» = 0.0013s~! for examples of how our parameter estimation methods can be
the same realization. Fig. 7 illustrates how the ML algorithrapplied to studies of this type are described below.
converges to its final solution. To verify the accuracy of our To gather data on the timing of egg-laying events, we
ML procedure, we generated 100 independent realizationsfollowed individual nematodes using an automated tracking
the intervals and obtained the mearstandard deviation of the system and recorded their behavior on videotape. By replaying
estimates as summarized in Table Il. Comparing with Tablethe recordings, we were able to determine the point in time
we see that both the mean and std of the parameter estiméites each egg was laid; this information was then analyzed in
have noticeably improved over the peak picking methadl the context of our model to extract behavioral parameters.
To illustrate the use of our model in analyzing experimental
V. RESULTS ON REAL DATA data, we present two examples below. These and the results
of other experiments are reported in more detail in [10] and
11] along with an interpretation of the mathematical model
s it relates to the physiology of the nematode.

The model we have formulated for egg-laying G ele-
ganshas a number of important implications concerning t
biological basis for this behavior and has important applica-
tions for future investigations of this process. Perhaps most
importantly, the three state model implies the existence 6f ON Wild-Type Data
discrete behavioral states for egg laying, including an inactiveWe first obtained from a common laboratory wild-type
state, during which the animals are refractory to egg layingtrain of C. elegans N2 (Bristol), under constant conditions
and an active state, during which clusters of eggs are latdat were favorable to egg-laying (isotonic nematode growth
Additionally, the finding that the intercluster and intraclustemedium in the presence of abundant food). A picture of the
intervals are determined by coupled, independent Poisssarm is shown in Fig. 8. From 216 data points, the ML
processes suggests that induction of the “active state” and edgorithm yielded parameter estimates = 0.5891,A; =
laying within the active state are caused by distinct biological0501s™!, A, = 0.0014s~!, andpX, = 8.0352 x 10~ *s 1,
processes whose occurrence is stochastic rather than peridfiee regardz < a = 50 s [this is where the curve turned in
Finally, application of our model to the analysis of real egd-ig. 2(c)] as a short interval, then out of the 216 intervals,
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Fig. 9. Histograms of the log intervals (bar graphs) and fh€y) curves generated using the ML parameter estimates. (a) Wild type. (b) HSN ablated.
From the shifts in the peak positions, we infer that increased slightly whilepA; decreased greatly in the HSN ablated animals.

119 were classified as short yieldings = 0.5509, and Interestingly, the HSN’s contain a neurotransmitter molecule
their average duration Wa?s — 15.8319 s. On the other called serotonin, which appears to induce egg-laying clusters
hand, the average duration of the other 97 long intervd®0]. Thus, the effects of HSN ablation dn correlates with
(br. = 97/216 = 0.4491) was XL — 1164 s. These results the activity of a specific neurotransmitter (serotonin) normally
are corroborated by our theoretical expressions (24), (25), (2&§/éased by the HSN's.

and (29), where we foungd; = 0.4485,ps = 0.5515, X 5 =

15.7981 s, andX ;, = 1136 s (or approximately 20 min), based

on our ML parameter estimates. V. CONCLUSIONS

We have proposed a new multistate point process model that
is based on two coupled point processes. The model is capable
B. Effect of the HSN Neurons of representing a wide range of conditions in neurobiology

The model described here has also been useful in describéxgeriments that are aimed at discovering the relationships
guantitatively the effects of anatomical or genetic lesions dretween neural and molecular mechanisms and their resulting
the pattern of egg laying. For example, we were able toanifestations in temporal patterns of behavior. Although it
derive model parameters from animals in which a specific claisssignificantly more complex than a single point process, the
of neurons [the hermaphrodite-specific neurons (HSN’s)] hadodel is surprisingly amenable to analysis. We have derived
been ablated through laser microsurgery [10]. We used the Mlosed-form expressions for the probability distribution of
method to obtain the parameter estimates. It is difficult to firidtervals between events, théith-order cumulants, and distri-

a theoretical expression for the confidence intervals, so Wwetions for the log intervals. Furthermore, we have developed
obtained the standard deviations from numerical simulatioasmaximum likelihood method for estimating the parameters
(cf., Section Ill). The parameter estimates with their estimated the model from interval data that can be measured by
standard deviations bounds age= 0.5037 & 0.0506, A\; = experiment.

(0.0838 4 0.0268)s71, A2 = (0.0006 + 0.0002)s~1. Com- The model has succeeded in providing a quantitative frame-
paring these estimates with those of nonablated animals, werk for a wide range of neuro-biology experiments on
observe that the, value is increased, whereas thevalue is egg-laying behavior in nematodes [10], [11], and it also may be
decreased. Thus, elimination of the HSN's altered the eggpplicable to other investigations directed at linking cellular-
laying pattern by causing a substantial lengthening of thevel phenomena to behavior in simple animals. Furthermore,
intercluster times (see Fig. 9 for comparison between thtiee model should be adaptable to many other situations in
results obtained from the wildtype and HSN ablated worms)yhich discrete events occur in clusters.
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