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Abstract.

A logit and probit models were fitted to evaluate the control of worms in children.

The study considered four types of worms namely elscan's (as) hookworm (hw) schistoso-
 mula (sm) and téiqhuris (tr) which were observed in children for three times. Observations are

3
2 e d 5 h - ¥
~ based on dummy variables; presence of worms on #" individual at t measurement occasions

-

I' ,_E.our demographic factors or;'ééch individual were changzed to be in binary form.
r individual past treatment t(o) worms (treat) i.e. whether a child has ever been treated to
s prior to the study or not. treated (1) and (0)otherwise
pupils level in school i.e class five (0) or six (1).
sex; male (1) or female (0).
~ supplement (supl) i.e. whether the child was given the macronutrient or not; given

given (0). The result was tabulated. An appropriate analytical models were described

.The data was analyzed using SAS. The result was discussed and the conclusions
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Chapté/f-‘ 1

GENERAL INTRODUCTION

1.1 Introduction

Bundy D.A.P. (1989) argued that one quarter of school going children are infected with worms
which in turn affect their cognitive ability. This problem is high in poor countries.

lts with this context that we base our study on worms infection in children in Kenya

m fbcus our attention in Nyanza province specifically Bondo district where poverty level is

comparatively high.

-~ In scientific context, a prediction is a rigorous often (quantitive) statement forecasting what
1 under specific conditions typically expressed in the form if A is true, then B will
e. The scientific method (i.e. body of techniques for investigating phenomena and
new knowledge as well as for correcting and integrating previous knowledge) which
athering observable, empirical and measurable evidence subject to specific prin-

ing, is built on testing assertions which are logical consequences of scientific



This is done through repeatable experiments or observational studies. Mathematical models

therefore, are frequently used to both describe the behaviour of something, and predict its future

In this stud q_hapter | describes various terms and gives the objectives and significance

| study. Cha_;)ier 2 describes various studies that have been carried on worms in children

ng the methods stud(ie\'sv have adopted to analyze the data. Chapter 3 gives the various

s used to such data and géécribing the appropriate models for analyzing longitudinal
O

 where the outcome response variables are binary and describes the appropriate method to

plied in estimation of regression parameters.

pter 4 deals with the application of above appropriate models in evaluation of the data



1.2 Motivating study

A data of 117 class five and six pupils collected at randoTn in Bondo district primary schools by
Mya Medical Research Institute (KEMRI) is used. Four types of worms namely ascaris (as)

okworm (h sépistosomula (sm) and trichuris (tr) are to be observed three times (t=0.1,2)

individual

] At time t=0, children 'were observed, some were found to have specific worms while
':W not. Their background qurmation was taken.These information includes age, pupils
'-ji.m level, gender, control information in terms of treatment and macronutrient supplement

r after 4 months. s(t)=4, they were observed again, some were found to have the

s while others not. This was repeated again after another 4 months.

Uy,

49 4 <5
o3,
W 4

response data arise in longitudinal studies where individuals are observed on at

fferent occasions.




1.4 Fixed occasions

5igns involving fixed occasions have fixed set t=1,F,...m of measurement occasions. This
be study of some educational or therapeutic programme; intake test, pre-test, mid pro-
: test aﬂg;ﬁ)llow-up test (m=5) or study of altitude change in early adulthood where
measured shoﬁly— after each birthday from 18" to 25" year of age (m=8).

are complete; each individual provides information on all these occasions. However,
s data are incomplete and its §Ssumed such absent data are missing at random.

3 will give some of the commonly used models for binary data.

i

primary objective of this study is to use an appropriate design to analyze a re-
ement where the measured occasioﬁ is fixed.

study involves identifying factors which affect worms infestation in children.
study models the association between the dependent outcome responses i.e

s any relationship on different types of worms infections.



| .6 Significance of the study

ting in children’s health is a sound economic decisir)n for governments to take , even if the
justifications for such programmes are not considered. This will result to better educated
E , pro@ﬁ,'ve adults. Therefore poor health can be confirmed to be a mechanism for
renerational traﬁsmission of poverty.

this regard, wéi:rﬁs infegéons being one of the major threat to school going children

an attention by statisticians.



hapter 2
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ITERATURE REVIEW

Grantham M.S., Sanyer A.W., Cooper E.S. and Bundy D.A.P. on their paper "Para-
infection and cognitive function in school children” (1992) examined the effect of
to high worms burden of Trichuris trichiura infections on cognitive functions of 159
en aged 9-12 years in Jamaica using a double-blind placebo controlled protocol.
luated results using a forward-stepwise multiple linear regression and concluded
of worms led to a significant improvement in tests of auditory short term memory.
fter treatment , it was concluded that there was no longer significant differences
ated children and infected control group.
e, John R. Seed and Mynna B. Kightlinger (1995) studied Ascaris lumbri-
relation to environmental, socio-economic and behavioral determinants of
n in children from south East Madagscar.
lumbricoides counts as the outcome products of exposure proxy variables
 children living in south East Madagscar.
' ‘a[)'encc of 93% for ascaris lumbricides 55% for trichuris and 27%

) carried a concurrent socio-economic household survey by visitation



| interview. Exposure to infection was assessed by environmental, demographic, behavioral
io-economic indicators. This revealed that ascaris lumbricoides aggregations were

ed with gender, housing styles, ethnicity and agricultural factors. Therefore they

i
g

ed that ?ppsure and infections are obliquitors in their child population and that Ascaris

S

s intensity is influenced by gender-related behavioral and environmental factors that

ute to exposure. -







The two most appropriate methods is where we take the logit function which transforms

the linear predictor to lie between 0 to 1 or we use the normal distribution to be the tolerance

|
distribution in probit model. [n such a case therefore, parameter estimates may now be
i

tained by m?jmum likelihood methods using generalized estimating equation (GEE). In

following shBéections, we will discuss the application of some of these methods in the

ext of our study and then seek to justify the approach that we finally adopted.

L% Ve

analysis of repeated measures, the commonly used models are the Random intercepts

es, Within subject and between subject variables, logistic and probit models. These

els are discussed in the following subsections, describing their estimation procedures.

Random intercepts and slopes

ond(1994) used a model with 2 parts i.e. random intercepts and a slope to analyze a
measures data.
ibed the unexplained variability in single level multiple regression analysis as just

iance of the residual terms. The model take the form
Y. = Boj + Bij-xi; + Ryj (3.1)

s the outcome response of individual i, 3,; are intercepts and [3;; are regression

ish to reduce the unexplained variability, we expand the regression equation (3.1)

dependent regression coefficients @; and 3;; from level 2 variables

Boji = Yoo + Yoi-z; + Ub; (3.2)

10



Bi; = Y10 + Y11-25 + Uy g (3.3)

here are treated as dependent variables in rcgressiow models for the population of groups.

represents intercepts as outcome model.

11



:‘ 7 substituting (3.2) and (3.3) in equation (3.1), we get

Yij = Yoo + Vo125 + Uoj + (710 + WlTZj + U;j)xij + Ris (3.4)

hich is equivalent to

]
2

Yij = Yoo + Yo12j + Y10Zij + Y112;Ti; + Uoj + Uijwi; + Ri;  ~ (3.5)

v Cr )
However in multilevel data, ‘variability has a more complicated structure because several

are involved. Expl@ning variability therefore, can be achieved by explaining
between individuals and variability between groups. The part of residual variance
by o® = wvarR;; can be diminished by including other level 1 variables
group to group. Inclusion of such variables may also diminish residual variance
level. Another possibility is to try to find explanations in the population of group at

is represented by Uj; in equation (3.4).

mation of parameters for Random intercepts and
model

), Goldstein(1986) and Longford(1987) have proposed a number of iter-
ithms, Where the parameters of the random part together with o® are

1 coefficients could be estimated straightforwardly with generalized least

12



Where all regression coefficients are known, total residuals could be computed and their
covariance matrix could be used to estimate the parameters of the random part. '

Use of iterated generalized least square method (IGI'LS) is more appropriate which involve
use of provisioﬂual values for the random part parameters to estimate regression coefficients,
then use the lat:er;stimates to estimate the random part parameter again (and now better) then
£0 on to estimate the regression coefficients again and again and so on until convergence of this
iterative process. Other methodls ‘i'r’lclude the Fishers scoring method (Longford, 1993a), the
Expectation-Maximization (EM) {r;lethod (Bryk and Raudenbush, 1992) and the Generalized
Estimating Equations method (Liang and Zeger ,1986). The latter is briefly described below.
The Generalized Estimating Equations method.

For a model based with descrete factors, the generalised estimaing equation (GEE) method
of parameter estimation is specifically more efficient for statistical hypothesis testing with

correlated longitudinal data. GEE are parameter estimating equations set to account for the

- correlation between observations in generalised linear regression models and builds on variance

-~ estimation developed to protect against inappropriate assumptions about the variance. When

L

data are collected on the same units across succesive points in time, these repeated observations

: correlated over time. If this correlation is not taken into account, then the statistical standard

or of the parameter estimates will not be valid and hypothesis testing results will be non

13



ing regression model using GEE methodology, one needs to define the following;

ribution of the dependent variable. (Must be a member of exponential family)

k function.

S
L}

-"fi epe Cdent variables.
il

jance structure of the repeated measurements.

1

(

hin subject a(;id between subject variables

d Delany(1990) used a model where they described the two types of variables.
| value for the measurement occasions t can be denoted by g4, and this model can

b Yy = pe + Ugi + R ; (3.6)

:;"'i.h outcome response variable of individual i at time t, Up;~N(0,02) which
ariz bility of the fixed part i, and R;;~N(0,0?) is the random part.
el, we note that, the fixed part does not contain a constant term, but is based

' les for the m measurement occasions. We let d,;; be m dummy variables

1, =
dhu’ - {
0, t£h

m by

part g, 1n (3.6) above can be written as

Be =Y prdne (3.7)
h=1 ;

14



Yii = ) pndne + Uy, “J- Ry; (3.8)

=
l

- symbols are as above.

=tl{l§qaxwell and Delaney (1990) model represented by equation (3.8), an ap-

model for analysing data with more parameters can be got.
f our worms control data to be analyzed in the next chapter, there are relevant

iry variables included in the fixed part. i.e. there are individual independent explana-

2, k=1,2...q. These variables may represent; sex, educational level etc. Where

are categorized, they can be represented by dummy variables [0,1].
idual independent variables are leve] 2 variable in the multileve] approach, and
led between subjects variables in repeated measurements analysis. This is because
either in one group of these variable or the other. For instance, if we consider
al is either in one group or the other. i.e. the pupil is either a boy or a girl.
ve numerical variable describing the measurement occasion denoted by s(t)
| e elapsing time between measurement occasions. Also there is interaction of
d within subject variables. i.e. the interaction effect of the main effects-the
tions which are cross-level interactions. Within subject variables here,
tions on each trials or measurements occasions.

Therefore, the more

> the data have all above variables is given by

w,
G 4{9
K
2, Ny
i,
A, Oy

15



m

q q
Y= ouzu+ D Aezis(t) + % Hndrei + Ug; + Ry; (3.9)
k=1 h=1

k=1

ifﬁq‘ observation on h*" measurement occasion.
is the background information on " indjvidual.
is the effect due to,zk; (main effect).
is the elapsing tir?é to the next measurement occasion
L_ is the interaction effect dué to z; and s(t)

-‘,; here, that the level | residual R,; have population means 0 and variance o2,

alues of explanatory variables. Therefore, R;~N(0,02 where level 1 residual arise
s the variability of between subject variables is independent of the level 1

ind that all residuals have population means 0.

»-Uygs) has a multivariate normal distribution with a constant covariance

16



The model therefore, implies that for complete data vector, all variances are equal and also
- all covariances are equal. :
The expression for the covariance matrix of the complLte data vector associated with model

represented by e@uation (3.6), conditional on the explanatory variables is the m X m matrix
' U}

,(crg+a'2 ol g W o
( 2
Q g2 o3+ . . . ol
(o-') . .
V(Y) =
\ o2 o2 . . . o2+402)

In this covariance matrix , all residual variances are the same and all residuals within subject

(3.10)

17



- 3.5 The logistic model

Anderson(1972) has widely used logistic regression to model association between binary re-

sponse and explanatory variables. Binary data arise in situation where the response can take
P

'only one of thdf\t_wé) possible values conveniently denoted by 0 and 1. These observations are

common in medical trials.

For instance, after ob‘se‘rving children, we may conclude, the presence of worms (1), or the
absence of worms (0) in each child. Where the response assumes the probabilities of failure
and successes respectively (Bernoulli distribution).

In most investigations, a vector of covariates or explanatory variables (@, z,, eep) iS
associated with each individual. This vector consists of measured variable thought likely to
influence the probability of a positive response. The objective of analysis therefore is to
investigate the relationship between the response probability 7« = () and the explanatory
variables, 2’ = (xz,, x,, -+p), often of course, a subset of the z, is of primary importance.

In generalized linear models, the issue is to describe the proportion of successes in each

subgroups in terms of factor levels and other explanatory variables which characterize the
by

subgroup.

N

- This is done by modeling the probabilities m as g(m;) = mlg

- where z; is a vector of explanatory variables and 3 is a vector of parameters and g the

function,

‘;;Since the simplest model 7w = ;t::Q has disadvantages that although 7 is the probability,
"f? tted values ;t:;b may be outside the interval [0,1].

€ model 7 using a cumulative probability distribution.

18



When the response is rare, efficiency is enhanced by taking separate samples from the
subpopulations of responders and non-responders. Thus case control studies in epidemiology
typically samples most of the disease cases that occur d‘;uring a specified calender period.

Suppose Yﬂfis binary response variable; defined as 1 if the individual i has a particular
worm  at meaer-e’ment occasion t and 0 otherwise. Then Y, has a Bernoulli probability
distribution with

Pr(iﬁé =vy) =pu?(l — pu)' ™Y (3.11)

Where p;y; is the probability of having a specific worm by individual i in measurement
occasion t. The relation between p;, and the explanatory variables is made through a suitable
linear predictor and the logit link function. This transforms the linear predictor of explanatory
variables, which may have a value between plus and minus infinity to a probability which

necessarily lies between zero and one.

Using the logit link function log[p;:/(1 — ps)], the simple logistic regression model is

log[pie/(1 — pu)] = B'zy, (3.12)
where B'z;, = By + Bizin + Baxiz + Baziz. Equation (3.12) can be rewritten as

pie = exp(B'z,)/[1 + exp(B'z;)] (3.13)

19




and the model including residual heterogeneity as

Pi = exp(B'z; + e;) /[1 + emp(é’iiz + €it)] (3.14)

where z,, is a vector of explanatory variables, 4 is a vector of unknown parameters and g

is an individual specific term summarizing the effect of the omitted variable.

Residual heterogeneity result due to omitted variables in some individuals.

The maximum likelihood estimates of the px | parameters vector 3 is obtained by maximising

the log likelihood equation (3.12).

Let Yj;, F1L.2,...n =12k represent the 7** measurement on the " object. there are

Tii measurement on subject i and Ele n; total measurements.

Correlated data are modeled using the link function and linear predictor set up.

Let the vector of measurements on the " subject be Y, = Y4, Ys,..., Y.

with corresponding vector of means i = [fi1, pin, sey Min,]” and let v; be an estimate

of the covariance matrix of Y.. The generalized estimating equation is given as

kéf

Y. 55v ' ¥ — wi(8)] = 0

(3.15)

20



For binary data , Diggle, Liang and Zeger(1994) pointed out that, the modeling association

among binary response with correlation has a disadvantag

¢, and they proposed using odds
ratio instead.

Therefore forbinary data, the correlation between the ##" and Ktk

response is by definition
-

F.(Y; =1,Y; = 1) — pijpei

YY) = 3.16
COTT( ¥} k) ‘\/[ﬂz](l — M;J)M:k(l - ’-"ik)] ( )

The correlation, therefore, is constrained to be within limits that depend on a complicated

way on the means of the data.

The odds ratio, defined as

P.(Yy =1,Ya =1) X P.(Y; = 0, Y = 0)
OR(Y;;,Y,) = 3.17
( J k) P,.(}/;j =1,Y, = 0) X Pr(lfij =0, lfik e l) ( )

is not constrained by the means and is preferred for our data, which is binary in nature.

Carey ,Zeger and Diggle (1993) proposed a method for fitting log odds ratio as

Log(OR(Yy, Yy)) = 2« (3.18)

where ;_;j x 18 a vector of covariates and « is a vector of association parameters to be estimated.

21




There are several advantages for adopting the above GEE modeling approach for our data.

first, the GEE estimating algorithm is computationally efficient for relatively large data sets

such as ours (where n=117 and m=3). Itis also widel;l.r implemented in standard-use statistical
packages for{;nrrelated data analysis such as SAS, SPSS and STATA.

Third, wé 'ﬂgte that the model depicted in equation (3.17) uses odds ratio rather than
correlation coefficients to model dependence between observations on different occasions from

Ii the same child. This is preferable since odds ratios provide a more natural framework for

modeling the within-subject dependencies that are induced by the binary response we have in

- this study.
Unyy,
ERS]
C Ty
. . HIROMO ZF N A,
- 3.7 Probit models BRARY B8y

- One of the original models used for bioassay data is called the probit model.
This model gives numerical results very much like the logistic model described above.

In this model, the link function is the inverse cumulative normal distribution. ie. ¢!

where

.. 3 i & el A 3.19
*= James Sy {75 o o

vhich is equivalent to

¢{x_”} (3.20)
o

¢7H(m) = By + Boxr = ~_F (3.21)

a

-



PHY = /X = T) = p(x'3) (3.22)

where X is vector of regressions and Y is binary outcome variate generated by a simple

latent variable model. Suppose that

s BN 5.0
¥ =¥ s 0) = { (3.24)
0, otherwise
then it s €asy to show that
Pr(y = 1/X = ) = d(z'3) (3.25)

€g if Y, and Y, are 2 binary dependent variables.

{y1=1(1’;>0)

(3.26)
Y = I(Y; > 0)

23




with

Y"=z0, + ¢ and Y =28, 4 €2 (3.27)

. €1 0 1 P
i |z ~ N ; (3.28)
ko €9 0 p 1

Hence the bivariate probit model estimates the values of B, B> and p.

and

3.8 Maximum likelihood estimation for the probit model

we let ¥, Y5, ... Y}, denote the random variable that we sample. If ¥; are discrete as the case
for our data, then the probability that ¥; takes any particular value v, is given by the probability

mass function
Prob(Y; = y:) = f(y,) (3.29)
However f(w;) will depend upon some parameters 3, ...3; which we want to estimate.

To indicate the dependence of the probabilities on these parameters, we write

Flw) = F(yi/B1, ...00) (3.30)

The joint probability mass for the random variables Yi,...Y, is then the product of the

individual probability mass functions.



PTOb(}/z' = yis ceey Yn = yn) -— H?:If(yi/ﬁlv "-ﬁk)

This is a function of both the values y, , e

P However, once 5 ssimpie h

of the parameters A-..0, we can evaluate the probability
of obtaining the observed sample valyes.

L(ﬁl---/@k) = H:;lf(yi/ﬁu e (3.32)
where ¥, Y,

.- Y, are now fixed at thejr observed values.

For our probit mode] we let ¥; denote the dependent variables and L1iy ..y, denote the
independent variables, A reasonable choice of functional form for the probabilities s
P’J"‘Ob(lfi = 1/$1i, ....’.D;ﬂ') = F(ﬁ'ml)

(3.33)
where B'x; = Biky 4+ ... + Brxy; and F(.) is a non decreasing function sych that
limhhcc F(t)=0
limt_,.,_m F(t) =1

The cumulative normal distribution will satisfy thege condition and that is why it is used in
probit mode] j .

25



F(t) = : /t =

Le. between Zero and one

The log likelihood in this case s g'i\?en by

LOgL(ﬁl! b



Baseline 30(25.64%) 64(55.70%) 63(53.85%) 105(89.74%)
m 14(12.61%) m 40(36.04%) 65(58.56%)
m 19(17.59%) m 48(44.04%) 94(86.24%)

27



Table 4.2: Ascaris model

LOGIT LINK PROBIT
estimate 8.0 95% ¢.i estimate s.c. 95% c.i
Characteristic |
[ntercept -1.077 0.500  -2.073-0.080 0.640 0.278  -1.186-0.095
gender
-boys -ref
-girls 0.535 . 0405 0.259-1.329 0.312 0.222  -0.123-0.747
Educational level r'\ !
-class 5 -ref
-class 6 0.301 0.421 -0.524-1.125 0.163 0.227  -0.281-0.608
Supplement
-no -ref
-yes -0.927 0.395 “-1.702-0.153 | -0.511 0.218  -0.938-0.085
Treatment
-no -ref
-yes 0.819 0.427 -0.017-1.656 0.437 0.233  -0.019-0.893
hookworms
-no -ref
-yes -0.893 0.397 -1.670-0.116 0.494 0216 -0.917-0.071
Trichuris
-no -ref
-yes -0.960 0383 -1.711-0.209 | -0.521 0.210 -0.932-0.110
Schistosomula
-no -ref
-yes -0.242 0.514 -1.249-0.765 | -0.152  0.270 -0.680-0.377

Table 4.2 shows that infection by ascaris was significanty associated with gender, presence
of hookworms and trichuris. The infection on girls was higher by 70% (=( 1-exp(0.535))x100%)
than in boys. On education level, pupils in class six infection is higher by 40%(=(1-exp(0.301))x100%)
than those in class five. However those given the macronutrient supplement are less likely to
be infected by 40% and also those treated for previous infection, were 2.3 times higher likely

to be infected, though non-significantly.

28



Table 4.3: Hookworms model
LOGIT LINK PROBIT

estimate 5. 95% c.i estimate s.e. 95% c.i

characteristic

intercept 0.862 0.504

-0.126-1.849 0.517 0.304  -0.079-1.112
gender B

-boys -ref

-girls -0.540 r: 0.351  -1.228-0.240 -0.328  0.209 -0.738-0.081
Educational level

-class 5 -ref

-class 6 -0.408 0331  -1.057-0.240 -0.245  0.197 -0.632-0.142
Supplement

-no

-ref
-0.363 0.340 -1.029-0.304 -0.207 0.203 -0.604-0 'yq

-yes
Treatment

-no -ref

-yes 0.821] 0.331  0.172-1.471 0.498 0.201  0.104-0.893
Ascaris

-no -ref

-yes -0.878 0.395 -1.651-0.104 -0.537  0.240 1.008-0.066
Trichuris

-no -ref

-yes -0.442 0317  -1.063-0.180 -0.269 0.191 -0.643-0.104

Schistosomula
-no
-yes

-0.854 0398  -1.634-0.074 -0.514 0228 -0.961-0.068

Table 4.3 shows that hookworms infection was significantly associated with gender, treat-

y 30% than those in five and supplement reduces infection by 30% though not significantly.

‘hose treated for previous infection were 2.3 times likely to be infected .



Table 4.4:

Trichuris model

LOGIT LINK PROBIT
estimate s.c. 95% c.i estimate s.e. 95% c.i
characteristic
intercept 0.551 0.526  -.479-1.582 0.340 0.323  -0.294-0.973
gender
-boys -ref
-girls 0.426 0.359  -1.457-0.950 0.153 0.221  -0.280-0.585
Educational level {
-class 5 -ref
-class 6 -0.080 0.367 -0.800-0.639 -0.408 0226 -0.491-0.395
Supplement
-no -ref
| -yes 0.579 0.354 -0.116-1.273 0.357 0.217  -0.069-0.784
| Treatment
-no -ref
-yes 0.088 0.349  -0.597-0.773 0.053 0.216 -0.369-0.476
Ascaris
-no -ref
-yes -0.940 0.390 -1.705-0.175 | -0.583 0.239 -1.050-0.115
hookworms
-no -ref
-yes -0.444 0.313 -1.058-0.170 | -0.273 0.193 -0.651-0.106
Schistosomula
-no -ref
-yes -0.429 0.320  -1.506-0.199 -0.258 0.195  -0.639-0.124

Table 4.4 shows that trichuris was significantly associated with supplement and presence
ascaris. Girls are more likely to be infected by 50% than boys while class six pupils are
7o less likely to be infected than pupils in class five. Those given supplement were more

ected by 80% than those not given. While those who were treated for previous infections

re 10% more likely to be infected.
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Table 4.5: Schistosomula model

LOGIT LINK PROBIT
estimate s.e. 95% c.i estimate s.e. 95% c.i
characteristic
intercept 2,179 0.633  -0.938-3.420 1.254 0.355  0.558-1.95]
gender
-boys -ref
-girls -0.867 /0316 -1.486-0.249 -0.517 0.178 -0.866-0.168
Educational level
-class 5 -ref
-class 6 -0.110 0.334  .0.766-0.545 -0.050  0.197 -0.436-0.337
Supplement
-no -ref
-yes 0.161 0.341  -0.507-0.829 0.079 0.194  .0.302-0.459
Treatment
-no -ref .
-yes 1.920 0.485  0.969-2.870 1.080 0.236  0.618-1.543
Ascaris
-no -ref
-yes -0.168 0.502  -1.152-0.816 -0.101 0.280 -0.651-0.448
hookworms
-no -ref
-yes -0.886 0.409  -1.687-0.085 -0.450  0.225 -0.890-0.010
Trichuris
-no -ref
-yes -0.44] 0.332  -1.092-0.209 -0.282 0.193  -0.659-0.095

Table 4.5 shows that schistosomula infections was significantly associated with gender,
treatment and presence of hookworm, girls are less prone by 60% and those in class Six were
slightly less prone by 10% and those given supplement are more infected by 20% though not
significantly . Those treated for previous infections were highly likely to be infected 6.8 times

nore.
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Chapter 4

CONCLUSION

Among the class five and six school going pupils from Bondo district studied, it was ob-
served that the infection dropped with time for al] the four types of worms namely; ascaris,
hookworms, trichuris and schistosomula and there after increased slightly.

In general, it can be concluded that educational leve] have little effect and therefore in-
significant. This could be due to the fact that the class levels choosen are too close and
therefore children age and other control factors could be almost the same. Also sex have little
effect and therefore insignificant in al] the models. It implies that both girls and boys have
almost equal chances of being infected with worms.

Supplement and treatment can be applied in control. However other measures needs to be
devised for full control of the above four types of worms.

The study reveals that the infections are not related and therefore it can be recommended
that each type of worm need to be controlled independently.

In all the analysis carried out, the probit model gave a better fit as it produced smaller

standard errors for all parameter estimates than the logit model,

(75
[§%)



5.1 Recommendation for further study

In the analysis carried out on these data, association between worms was determined by
including worm types as covariate in the model. For instance, in modelling ascaris, hukeworm,
trichuris and scllistosonwlxi.wcre included as covariates. We know that indeed worm types
may be dependent. [t may therefore be more appropriate to treat two worm types as dependent
variables in a joint model. These models may therefore be more appropriate and need to be

investigated as a further analysis tool for this data set.
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