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Chapter 1
Introdu
tion
1.1 Problem to InvestigateIn this resear
h we 
onsider experiments that generate longitudinal frequen
y data.Quite often this data 
omes from two or more experimental groups. Experimentsthat yield su
h data are 
ommon in the medi
al �eld and are often designed with thepurpose of as
ertaining di�eren
es among experimental groups. Standard modelingte
hniques, su
h as Repeated Measures Anova, are inadequate for expressing longitu-dinal frequen
y data be
ause they ignore the 
orrelation between the measurementsand the dis
rete nature of the data. The obje
tive of this thesis is to 
reate a statisti
almodel 
apable of suÆ
iently representing longitudinal frequen
y data.1.2 Present Status and Proposed MethodologyDi�erent models have been �tted to longitudinal frequen
y data in
luding those thatassume the data to have 
ome from a Negative Binomial Distribution (Kern andCohen 2003). This distribution, however, allows only for overdispersed data (wherethe varian
e ex
eeds the mean), thus limiting the model's appli
ability. We proposean alternative distribution|the generalized Poisson (GP) distribution|whi
h allows1



2for both underdispersed and overdispersed data, thus making the model more 
exible.This distribution has seen appli
ation in many areas; Famoye 1993 examines the GPdistribution in a regression 
ontext, and Famoye and Wang 1997 use this distributionto model household fertility de
isions. In this resear
h, we apply the GP distributionto simulated data, as well as to real data 
olle
ted from menopausal women. Beforede�ning these models, we present the details of the GP distribution.1.3 Generalized Poisson DistributionThe GP distribution (see Consul and Jain 1973) is de�ned by the mass fun
tion
p(xj�; �) = �(� + x�)x�1e�(�+x�) 1x! ; x = 0; 1; 2; : : : (1.1)for � > 0, and j�j < 1, su
h thatp(xj�; �) = 0 for x � m when � < 0;m is the largest positive integer for whi
h � +m� � 0.The GP distribution, like all probability distributions, must assign nonnegative prob-abilities that sum to one. Con�rming the nonnegative requirement is straightforwardfrom 
asual inspe
tion of the mass fun
tion and its parameter 
onstraints. Showingthat the GP probabilities sum to one (i.e. Px p(xj�; �) = 1) requires slightly moree�ort. To do this, we use Lagrange's Expansion (Weisstein 1999):�(z) = �(0) + 1X1  dx�1dzx�1 (f(z))x�0(z)!z=0  zf(z)!x 1x! ;



3and set �(z) = e�z and f(z) = e�z :Substitution yieldse�z = e0 + 1X1  dx�1dzx�1 "e�zx ddz (e�z)#!z=0 � ze�z�x= 1 + 1X1 ��(� + �x)x�1ez(�x+�)�z=0 zxe��xz 1x!= 1 + 1X1 �(� + �x)x�1zxe��xz 1x!= 1Xx=0 �(� + x�)x�1zxe��xz 1x! :From this last expression, we show that P p(xj�; �) = 1.e�z = 1Xx=0 �(� + x�)x�1zxe��xz 1x!e�ze�z = P1x=0 �(� + x�)x�1zxe��xz 1x!e�z1 = 1Xx=0 �(� + x�)x�1zxe��xz��z 1x!1 = 1Xx=0 �(� + x�)x�1zxe�z(�x+�) 1x! :Now setting z = 1 gives 1 = 1Xx=0 �(� + x�)x�1e�(�x+�) 1x! ;and the proof of Px p(xj�; �) = 1 is 
omplete. It 
an be shown that if X is a randomvariable with this GP distribution then the expe
ted value � of X is � = �1�� withvarian
e �2 = �(1��)3 .



4An alternative, more 
onvenient parameterization of the GP distribution isX � GP (�; k); (1.2)where � > 0 is the expe
ted value of the GP random variable and k is the dispersionparameter (Famoye and Wang 1997). The GP density f(xj�; k) in terms of theparameters � and k is thenf(xj�; k) =  �1 + k�!x (1 + kx)x�1x! exp ��(1 + kx)1 + k� ! ; x = 0; 1; 2; : : :and zero otherwise. Spe
i�
ally, the varian
e of X, denoted by V X, is given byV X = �(1 + k�)2 : (1.3)So for k > 0 the varian
e of X ex
eeds its expe
ted value � (overdispersion); for�2� < k < 0 the expe
ted value � ex
eeds the varian
e of X (underdispersion); andfor k = 0, � = V X, and the GP distribution is redu
ed to a standard Poissondistribution.In Chapter 2 we apply a univariate GP model to equidispersed, underdispersed, andoverdispersed data sets. This appli
ation demonstrates the ability of the GP modelto dete
t equi/under/over dispersion in dis
rete data. We use Bayesian Methodologyto make inferen
e on the parameters (�; k) for ea
h of these three 
ases.In Chapter 3 we 
onsider longitudinal frequen
y data 
olle
ted from several indi-viduals. Our appli
ation models the nt frequen
ies at time t as independent GPobservations, with mean de�ned by a pie
ewise-linear fun
tion of time. Attra
tivefeatures of this pie
ewise-linear model in
lude random knot lo
ations as well as theability to in
orporate missing observations. We term this model a pie
ewise linear GP



5regression model. We use the results from this model to make 
omparisons betweenexperimental groups. A dis
ussion of these results, as well as of the GP distributionand its limitations, is found in Chapter 4.



Chapter 2
Generalized Poisson Appli
ation
In this 
hapter we develop a basi
 model to make inferen
e on the parameters �and k of a GP distribution. This inferen
e is based on univariate data assumed to
ome from a GP distribution. To this end, an underdispersed, an equidispersed,and an overdispersed data set were simulated using the S � plus software pa
kage.Making these data sets requires little more than dis
retizing the unit interval intosegments whose lengths are equal to the values of f(xj�; k) from (1.2). Then arandom uniform (0,1) draw falls into one of these segments and hen
e de�nes an(integer) realization from the GP distribution. Ea
h additional random uniform (0,1)draw is used in the same manner to generate an additional GP realization. For moreba
kground on simulation from dis
rete (or 
ontinuous) distributions, see Ross 2003.This simulation pro
ess yields a data set y1; y2; :::; yn of iid GP random variables thatare either underdispersed, equidispersed or overdispersed, depending on the value
hosen for the parameter k.To model frequen
y data assumed to have 
ome from a GP distribution, we use the(�; k) parameterization found in the density from (1.2). Thus, the log likelihoodfun
tion is given by 6



7
l(�; k) = nXj=1 "yj log �1 + k�!+ (yj � 1) log(1 + kyj)� log(yj!)� �(1 + kyj)1 + k� # : (2.1)In the next se
tion we dis
uss how Bayesian inferen
e on the parameters � and k ismade.2.1 Univariate Parameter EstimationIn the 
ase of this GP appli
ation there are only two parameters that must be esti-mated, the mean � and the dispersion parameter k. We employ Markov Chain MonteCarlo (MCMC) te
hniques using a Metropolis-Hastings update step to estimate ea
hparameter. For more on Metropolis Hastings updating see Gilks, et.al. 1996.We begin by updating � and k as follows:� Choose 
urrent (initial) values of the parameters, 
all these values �(0) and k(0).� Propose a value for �� from a uniform distribution 
entered at the 
urrent value�(0).

�� � Unif(�(0) � a; �(0) + a); (2.2)where a > 0 is a tuning parameter in the proposal distribution for ��. We havelet the proposal distribution for �� be uniform (2.2) whi
h gives



8
q(��j�) = 1min(2a; �+ a; 1�2k ) :The minimum fun
tion in the denominator gives the length of the proposalinterval, whi
h may be 
onstrained by zero or the value of k. In addition,q(�(0)j��)q(��j�(0)) is the Hastings ratio based on the proposal distributions.� For �xed k, the proposed value �� is then a

epted with the following probabil-ity:

� = min 1; L(��; k)�(��; k)q(�(0)j��)L(�(0); k)�(�(0); k)q(��j�(0))! : (2.3)Here L is the (non-logged) likelihood fun
tion from (2.1). A (noninformative)joint uniform prior �(��; k) was 
hosen for all possible (�; k) 
ombinations; thismeans the ratio of the prior distributions in (2.3) will equal one.The following equation gives the logged ratio � in the a

eptan
e probabilityfrom (2.3). The logged version is used for purposes of 
omputational eÆ
ien
y:
log L(��; k)�(��)q(�(0)j��)L(�(0); k)�(�(0))q(��j�(0)) =nXj=1 "yjlog ��1 + k��!� ��(1 + kyj)1 + k�� � yjlog �(0)1 + k�(0)!+ �(0)(1 + kyj)1 + k�(0) #+log(q(�(0)j��))� log(q(��j�(0))): (2.4)The value that is a

epted for �| with probability �| is then used to update k in



9analogous fashion, with the following ex
eptions:� The proposed value k� is drawn from a uniform distribution 
entered at the
urrent parameter value k(0); the value of the tuning parameter a is allowed tovary from that used in proposing ��. Considering all possible 
onstraints on kgives the proposal distribution q as:
q(k�jk) = 1min(2a; k + a; 12� + k) :� The a

eptan
e probability � is then 
al
ulated from (2.3). Note, the ratio ofthe prior distributions equals one just as it did when updating � be
ause thejoint uniform prior was 
hosen for all (�; k) 
ombinations. The ratio of thelikelihoods, however, is slightly di�erent, as terms involving k that were pro-portionality 
onstants when updating � are no longer ignorable. The resultinglogged a

eptan
e ratio � is then given by

log L(�; k�)�(k�)q(k(0)jk�)L(�; k(0))�(k(0))q(k�jk(0)) =nXj=1 "yjlog �1 + k��!+ (yj � 1)(1 + k�yj)� �(1 + k�yj)1 + k�� � yjlog �1 + k(0)�!�(yj � 1)(1 + k(0)yj) + �(1 + k(0)yj)1 + k(0)� # + log(q(k(0)jk�))� log(q(k�jk(0))):The values �(1) and k(1) represent the updated values of these parameters (note that�(1) may equal �(0) if �� was not a

epted). These values are then treated as the new\
urrent" parameter values, and the entire updating pro
ess is repeated, making sureto store the updated values of � and k at ea
h iteration. This pro
ess is 
ontinued untilthe values stored for f�; kg have 
onverged to the posterior distribution for f�; kg.



10The posterior distribution is the inferen
e-making tool, as it is the distribution of theparameters 
onditional upon the observed data.The parameters � and k were updated using a program written in S � plus. Theprogram saved the 
urrent parameter every 50 iterations to avoid auto
orrelation.We now provide the results obtained from applying this model to the three simulateddata sets.2.2 EquidispersionHere the model is tested on data generated from a GP distribution whose mean isequal to its varian
e. For this simulation we set the GP mean and varian
e equalto seven. Extra pre
aution had to be made when updating the parameters, be
ausein this 
ase the dispersion parameter k would be 
lose to zero. In other words, thevalue of k 
hanges from positive to negative or vi
e versa. The 
omputer simulatedequidispersed data set of n = 200 realizations has mean �x = 7:03 and varian
es2 = 7:074472. Letting k̂ denote the empiri
al value of the dispersion parameterbased on our sample, we have k̂ = 0:0004492. Figure 2.1 shows the distribution ofthis simulated data set.
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Figure 2.1: Distribution of the 
omputer simulated equidispersed data set.



11Figures 2.2 and 2.3 show the posterior tra
e plots for both parameters. The parameter� in Figure 2.2 ranges from about 6.5 to 7.5, with a mean of approximately 7. Theparameter k, although it falls both above and below zero, still maintains very 
loseto zero. Noti
e from Figure 2.3 that P (k � 0) = :5 demonstrating equidispersion.
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Figure 2.2: Tra
e plot of the marginal posterior draws for the parameter � in theequidispersed data set.
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Figure 2.3: Tra
e plot of the marginal posterior draws for the parameter k in theequidispersed data set.



122.3 UnderdispersionHere the model is applied to the underdispersed simulated data set. Before we begin,a notable fa
t about underdispersed GP distributions is that the value 
hosen for k,determines the range of values that � 
an take. That range is 0 < � < 1�2k , whi
h
an be shown in the following manner:
k = �� ; (2.5)� = �1� �; and�1 < � < 0; (2.6)where � and � are the GP parameters given in (1.1). Clearly, from (2.5), � = k�. Bysubstitution, the value of k� must lie between �1 and 0 (2.6). Sin
e k is a negativenumber in the underdispersion 
ase we arrive at the following inequality: 0 < � < �k.Evaluating � = �1�k� over the interval for � gives
0 < � < 1�2k : (2.7)It is important to note that be
ause the range for � depends on k, the range for kmust depend on � as well. In the GP model se
tion we determined that the range fork is �2� < k < 0, whi
h 
omes dire
tly from the fa
t that the varian
e is less than themean in underdispersion, or �(1+k�)2 < �. This statement, although true, does notgive the 
omplete story. When we determined the above range for �, we also foundthat k must abide by the same inequality. In other words,



13
�12� < k < 0:Therefore, there is a limit to how mu
h smaller the varian
e is allowed to be than themean. Sin
e �12� is always 
loser to zero than �2� , we then say that given �, the valueof k is 
onstrained in the interval �12� < k < 0. Further dis
ussion on this topi
 
anbe found in Se
tion 4.1.The following S � plus fun
tion was written to show the possible values of � whenthe above system of equations is held. The fun
tion a

epts a dispersion parameterk and the number of iterations. It draws a random number for � that �ts within thepossible range of values for �. Then it uses that number � to �nd both � and �. Inthe following 
ode �1 is equivalent to � and �2 is equivalent to �.under <- fun
tion(k,n) {x.s <- NULLfor(i in 1:n){range <-(1/-k)lam1 <- runif(1,0,range)lam2 <- lam1*kmu <- lam1/(1-lam2)x.s <- 
(x.s,mu)}return(x.s)}The possible � values obtained from the above fun
tion, for k = �0:04 and 10; 000iterations, are displayed in Figure 2.4. Note from (2.7) that 0 < � < 12:5 is the range



14under this parti
ular value of k; this is supported by the simulation.
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Figure 2.4: Histogram of the range of possible values of � when k = �0:04.The 
omputer simulated underdispersed data set of n = 200 realizations was gener-ated from a GP distribution with mean � = 8 and dispersion parameter k = �0:04.Figure 2.5 shows the distribution of this data set with mean �x = 7:84, varian
es2 = 3:622513, and dispersion parameter k̂ = �0:0408486677.
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Figure 2.5: Distribution of the 
omputer simulated underdispersed data set.Figures 2.6 and 2.7 show the posterior tra
e plots for both parameters based on the
omputer simulated underdispersed data set. The parameter � falls mainly between



15the values of 7.5 and 8.2, whi
h is 
lose to the mean of the a
tual sample. Theparameter k also remains 
lose to the value of k̂ and lies mainly between �0:05 and�0:03. The P (k � 0) = 0 demonstrating underdispersion; this is supported by Figure2.7.
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Figure 2.6: Tra
e plot of the marginal posterior draws for � in the underdisperseddata set.
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Figure 2.7: Tra
e plot of the marginal posterior draws for k in the underdisperseddata set.



162.4 OverdispersionThe model is now tested on data generated from a GP distribution whose varian
eis greater than its mean. For this simulation we set the mean � = 10 and dispersionparameter k = 0:03. The 
omputer simulated underdispersed data set of n = 200realizations has mean �x = 10:05, varian
e s2 = 17:50503, and dispersion parameterk̂ = 0:03181794. Figure 2.8 shows the distribution of this data set.

OBSERVATION

DA
TA

 V
AL

UE

0 50 100 150 200

0
5

10
15

20
25

Figure 2.8: Distribution of the 
omputer simulated overdispersed data set.Figures 2.9 and 2.10 show the posterior tra
e plots for both parameters based on the
omputer simulated overdispersed data set. The parameter � falls mainly between thevalues of 9.5 and 10.5, whi
h is 
lose to the mean of the a
tual sample. The parameterk also remains 
lose to the the a
tual value of the sample data. The P (k � 0) = 1demonstrating overdispersion; this is supported by Figure 2.10.In this 
hapter we showed the GP distributions ability to dete
t equi/under/overdispersion.In the next 
hapter we de�ne our pie
ewise-linear GP model and apply it to real data
olle
ted from menopausal women to make 
omparisons a
ross experimental groups.
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e plot of the marginal posterior draws for the parameter � in theoverdispersed data set.
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e plot of the marginal posterior draws for the parameter k in theoverdispersed data set.



Chapter 3
Hot Flush Appli
ation
3.1 DataThe data used in this appli
ation 
omes from a 
lini
al trial investigating a
upun
tureas an alternative treatment to alleviate symptoms of menopause for breast 
an
ersurvivors. Due to the risk of re
urren
e, traditional hormone therapy is an unfavorableoption for these 
an
er surviving menopausal women. The women were split into threegroups: a 
ontrol group (n = 17), a treatment group (n = 16), and an edu
ationalgroup (n = 6). The women in the treatment group were given a
upun
ture in e�e
tiveareas, while the women in the 
ontrol group were given a
upun
ture in supposedlyine�e
tive areas. The women in the edu
ational group were enrolled in a weeklyedu
ation 
lass that explained menopause e�e
ts and o�ered advi
e on healthy living.Women from ea
h group reported the number of hot 
ushes they experien
ed per dayfor a total of 91 days. This time period in
ludes an initial baseline week, during whi
hno treatment or edu
ation was administered. Figure 3.1 shows the pro�le of one ofthe individuals in the treatment group.

18



19

DAY

FR
EQ

UE
NC

Y

0 20 40 60 80

10
12

14
16

18
20

22

Figure 3.1: Daily hot 
ush frequen
ies experien
ed by a subje
t in the treatmentgroup.3.2 Data ModelIn the spirit of Kern and Cohen 2003, we model longitudinal frequen
y responsesfrom multiple individuals using a GP distribution whose mean � is a fun
tion oftime. We denote the mean of the GP distribution at time t as �t. Thus, if the ntfrequen
ies fy1; : : : ; yntg re
orded at time t are modeled as GP with mean �t anddispersion parameter k, then from (2.1) the log-likelihood fun
tion lt(�t; k) for thesent observations is:lt(�t; k) = log ntYj=1 �t1 + k�t!ytj (1 + kytj)ytj�1ytj! exp ��t(1 + kytj)1 + k�t != ntXj=1 "ytj log �t1 + k�t!+ (ytj � 1) log(1 + kytj)� log(ytj!) + ��t(1 + kytj)1 + k�t # :
The log-likelihood for the observations at two time periods t = 1 and t = 2 isl1(�1; k) + l2(�2; k);



20and thus the log-likelihood L(�; k) for all time points t = 1; 2; :::; 91 isl(�; k) = 91Xt=1 lt(�t; k);where � = f�1; �2; :::; �91g.The following se
tion details the pie
ewise-linear fun
tion used to model the relation-ship between frequen
y and time.3.3 Pie
ewise Linear Fun
tionFlexibility in allowing �t to vary with time is obtained by modeling �t as a pie
ewiselinear fun
tion of time (rather than restri
ting �t to a fun
tional form su
h as e�t).Spe
i�
ally, we de�ne a ve
tor of knot lo
ationsK = fK1; K2; : : : ; Kmg and a ve
torof 
orresponding heights � = f�1; �2; : : : ; �mg su
h that the 
oordinate (Ki; �i) rep-resents the lo
ation at whi
h two line segments meet. The (Ki; �i) 
oordinate on thetime-frequen
y plane is referred to as a node. This yields the following:�t = f(�i; Ki; t) =  �i+1 � �iKi+1 �Ki! (t�Ki) + �i;for i = 1; :::; m. The above fun
tion is simply the point slope form of a line with slope� �i+1��iKi+1�Ki� passing through the points (Ki; �i) and (Ki+1; �i+1), where Ki is a spe
i�
knot lo
ation on the horizontal (time) axis and �i is a spe
i�
 height on the verti
alaxis. It is important to note that t must be a time between the knots Ki and Ki+1.Five nodes were sele
ted to formulate the pie
ewise linear fun
tion (m = 5): threeat �xed lo
ations and two at random knot lo
ations. Intuitive 
hoi
es of the �xedknot lo
ations were f0:5; 7:5; 91:5g, where the baseline week is simply separated fromthe remaining weeks of treatment. These times 
orrespond to the beginning of the



21study, the end of the baseline week, and the end of the study respe
tively. The twoadditional knot lo
ations were randomly 
hosen in the time interval (7:5; 91:5) to giveadditional 
exibility to the pie
ewise linear model. Two random lo
ations avoid overparameterizing the model, but still allow more than one line segment to representea
h of the �i's within the time interval (7:5; 91:5). Utilizing the same notation fromabove gives the ve
tor of knot lo
ations K = fK1; K2; : : : ; K5g and ve
tor of nodeheights � = f�1; �2; : : : ; �5g, where K1 < K2 < K3 < K4 < K5 and �i > 0. Notethat K1; K2 and K5 are the �xed knot lo
ations; K3 and K4 are modeled as random.These eight parameters (the two random knot lo
ations, the �ve node heights, andthe dispersion parameter k), 
ompletely des
ribe our pie
ewise linear GP regressionmodel. Further detail will now be given on how inferen
e on ea
h of these parametersis made.3.4 Multivariate Parameter EstimationLet f�(i)1 ; : : : ; �(i)5 ; K(i)3 ; K(i)4 ; k(i)grepresent the \
urrent" value of the parameters. Note i = 0 represents the initialparameter values, where i is simply an index. The parameters were updated asfollows, using the Metropolis Hastings algorithm des
ribed in Se
tion 2.1.� To update �1 we use a manner similar to updating � and k in the univariate
ase. We let the proposal distribution be uniform over an interval 
enteredaround the 
urrent value �(i)1 . Let ��1 represent the proposed value of �(i)1 . Then��1 � Unif(�(i)1 � a; �(i)1 + a)



22where a is a tuning parameter. For �xed values of the other 7 parameters,a

ept ��1 as the next 
urrent value with probability � given by
� = min0�1; L(��1; �(i)2 ; : : : ; �(i)5 ;K(i); k(i))�(��1)q(�(i)1 j��1)L(�(i)1 ; �(i)2 ; : : : ; �(i)5 ;K(i); k(i))�(�(i)1 )q(��1j�(i)1 )1A :Here L is the (non-logged) likelihood fun
tion from (3.1), where � is expressed interms of K and �1; : : : ; �5. The a

epted parameter value (��1 with probability�, �(i)1 with probability 1 � �) is treated as a new \
urrent" value. The otherseven parameters are then updated using the \
urrent" value of �1.� The remaining node heights, �2; : : : ; �5, are updated in a manner analogous toupdating �1.� K3 follows the same pro
ess as updating �1, but with the following ex
eption:the proposed value of K�3 is 
onstrained to be dis
rete uniform.� K4 is updated in a manner that is analogous to updating K3� The dispersion parameter, k, is updated in the same way as �1.After this 
y
le of updating the 8 parameters in turn is 
omplete, it is repeated (i.e. an-other parameter value is proposed from q, and if a

epted|with probability �|storedas �(i+1)1 ). This pro
ess is 
ontinued until the values stored for f�(i+1);K(i+1); k(i+1)ghave 
onverged to the posterior distribution for f�;K; kg.These parameters were repeatedly updated using a 
ustomized program in C. Currentparameter values were saved every 250 iterations to avoid auto 
orrelation.



233.5 ResultsFigures 3.2, 3.3, and 3.4, show tra
e plots of the dispersion parameter k for the treat-ment, pla
ebo, and edu
ation group respe
tively. The probability that the dispersionparameter k is greater than zero is 1 for all three 
ases, thus demonstrating overdis-persion in ea
h group. This is supported by the tra
e plot for ea
h experimentalgroup. Figure 3.2 shows the posterior mean for k is approximately 0:28 for the treat-ment group. The posterior mean for k is approximately 0:16 for the pla
ebo group(see Figure 3.3) and 0:10 for the edu
ation group (Figure 3.4). All of these �guresprovide strong eviden
e suggesting overdispersion in the daily hot 
ush frequen
ies.
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Figure 3.2: Plot of the marginal posterior draws for the parameter k based on analysisof the treatment group data.Figures 3.5, 3.6, and 3.7 display the results of the pie
ewise linear GP model individ-ually applied to the treatment, pla
ebo, and edu
ation data respe
tively. From thesethree graphs we 
an see the di�eren
es a
ross groups. Expe
ted average of hot 
ushfrequen
y drops by almost three for the treatment group, whereas the pla
ebo groupdrops by a little over two. There seems to be no noti
eable in
rease or de
rease inthe expe
ted average hot 
ush frequen
y for the edu
ation group. Also note that the
on�den
e limits are more narrow for the treatment and pla
ebo group than they are
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Figure 3.3: Plot of the marginal posterior draws for the parameter k based on analysisof the pla
ebo group data.
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Figure 3.4: Plot of the marginal posterior draws for the parameter k based on analysisof the edu
ation group data.for the edu
ation group. This is due to the small number of subje
ts in the edu
ationgroup (6) relative to the other groups (16 and 17 in the treatment and pla
ebo grouprespe
tively).A

ording to Figures 3.5 and 3.6, there is little di�eren
e in the drop of mean hot
ush frequen
ies between the treatment and pla
ebo group. In fa
t, 
omparing thesetwo groups to the edu
ation group (Figure 3.7) suggests the possibility of a pla
eboe�e
t. The mean hot 
ush frequen
y drops over the period of 91 days for women who



25re
eived a
upun
ture. It is seemingly unimportant as to whether that a
upun
turewas re
eived in e�e
tive areas as opposed to ine�e
tive areas.
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Figure 3.5: Posterior mean hot 
ush frequen
y (solid line) with upper and lower
on�den
e limits (dashed lines) for the treatment group. S
atterpoints representa
tual daily HFF means.
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Figure 3.6: Predi
ted mean hot 
ush frequen
y (solid line) with upper and lower
on�den
e limits (dashed lines) for the pla
ebo group. S
atterpoints represent a
tualdaily HFF means.
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Figure 3.7: Predi
ted mean hot 
ush frequen
y (solid line) with upper and lower
on�den
e limits (dashed line) for the edu
ation group. S
atterpoints represent a
tualdaily HFF means.



Chapter 4
Dis
ussion
In this analysis we have 
onstru
ted a GP model for univariate frequen
y data anddemonstrated the usefulness of this model in allowing for and dete
ting the disper-sion 
hara
teristi
s of the data. We then applied a pie
ewise linear GP regressionmodel to longitudinal frequen
y data self-reported from multiple individuals to make
omparisons a
ross experimental groups.Useful features of this pie
ewise-linear model in
lude its ability to re
ognize the dis-
rete nature of the data, and adapt to equi/under/overdispersion exhibited in thedata. It also allows for time 
orrelation of the daily means through the pie
ewiselinear fun
tion for the mean.This model is useful in other appli
ations where frequen
y data is 
olle
ted a
rosstime and individuals. Appli
ation of this model on a di�erent data set would requirespe
i�
ation of the number of nodes, in
luding the number of random and �xedknot lo
ations. In our appli
ation, we de
ided upon �ve nodes, three �xed and tworandom knot lo
ations, to provide 
exibility without over parameterizing the model.It is important to note that the heights (�i's) have the potential to be �xed as well.Consider, for example, setting the height at the start of the baseline week equal to27



28the height at the end of the baseline week (�1 = �2) in the hot 
ush frequen
y study.This is appropriate if one assumes that the average hot 
ush frequen
y is 
onstantover the baseline week. We de
ided against setting �1 = �2 be
ause of potentialself-monitoring e�e
ts.It must be noted, however, that this model treats data from two separate time pointsas independent when in our appli
ation the data at two separate time points 
omesfrom the same individuals. Further study using a di�erent model that expli
itlyin
orporates the dependen
e stru
ture of the data 
ould be implemented and theresults obtained 
ompared to the results of this model.4.1 Limitations to UnderdispersionAlthough the GP distribution models both underdispersion and overdispersion, thereare limitations to how underdispersed a GP random variable 
an be. As an example,
onsider the highly underdispersed frequen
y data from one of the subje
ts in thepla
ebo data set. Figure 4.1 shows the distribution of the patient's hot 
ush frequen-
ies over the 91 days. The mean of the subje
t's hot 
ush frequen
ies is 13:73626 andthe varian
e is 1:640781.
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Figure 4.1: Daily hot 
ush frequen
ies experien
ed by a subje
t in the pla
ebo group.



29One might assume that these 91 frequen
ies 
ome from the GP distribution. However,note that in this 
ase the empiri
al value of the dispersion parameter is k̂ = �0:0478.The value found for k follows dire
tly from 1.3 by substituting for � and V X the sam-ple mean and the sample varian
e of this subje
t's frequen
y data. If the dispersionparameter k is set to �0:0478, the upper bound for � from (2.7) is the following:1�2k = 10:0956 = 10:46025:Yet not only does the mean of the data (�x = 13:73626) ex
eed this upper bound, everyobservation in this data set is greater than the upper bound. We therefore 
an quite
on
lusively determine that the data 
ould not have 
ome from the GP distribution.4.2 Future WorkFuture work using a GP model for dis
rete data in
ludes spe
ifying a non-uniformprior distribution on k. For example, let k have a mixture distribution that pla
espositive probability on zero and on the real numbers. In this way the posterior proba-bility that k = 0 
an be dire
tly estimated (giving the probability of equidispersion).In similar fashion the posterior probability that k > 0 or k < 0 would provide esti-mates of the 
han
es of over/underdispersion, respe
tively.Additional further study would be to 
ompare our pie
ewise GP regression modelwith alternative models for longitudinal frequen
y data. For example, implementinga model that expli
itly in
orporates the dependen
e stru
ture of the data and 
om-paring the results with those from our model would provide more insight to su

essfullongitudinal data modeling strategies.
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