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Abstract 

Estimating prevalence in cause-effect relationships where the mediator variables are 
assumed to be latent is not usually easy. However, the use of proper indicators 
and statistical model can make the measurement and use of such constructs easy. 
Structural Equation Modeling makes it possible to analyze simultaneously both the 
relationship betw 'en th· latent variable and the links between the la ent variable 
and their indicators.The 2018 Kenya AIDS Indicator Survey data ��eel to vali­ 
date the model developed. The maximum likelihood was used to estimate the model 
parameters. The findings of the study were, there is a relationship between educa­ 
tion attainment and knowledge /awareness of HIV/ AIDS. The results further show/ 
that education leve'ij. is not associated with HIV prevalence after controlling for a 
number of socio-demographic characteristics and behavioral factors. These findings 
can inform policy makers in formulation of appropriate HIV/ AIDS management 
(policies) and intervention strategies aimed at reducing HIV/ AIDS prevalence that 
has remained a challenge in many developing countries. 
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According to J harsan{[f7]! HIV/ AIDS has been with us for more than thirty years. To 
date. there is still no �nor an effective vaccine for the disease. However, the inevitably 
fatal disease has been transformed to a chronic and manageable condition leading to 
substantive decline in the worldwide rates of AIDS related deaths and new infections. 
This is due to intervention strategies such as; introduction of anti-retro-viral therapy 
(ART), focusing on high transmission areas and key populations and by implementation 
of evidence-based prevention strategies like voluntary male circumcision, prevention of 
mother to child transmission among others. Despite the prevention efforts above, death 
rat · still r main hi '11 sin a larg numb r of pe ple r main. unaware f theie· I , 1 ,, tus 
and therefor fail t be ad quat ly linked to ar and tr atm nt programs, 2r.:,  27};, In 
201 , an estimated 35.0 million I opl w r living with HI worldwide whet 1 aran 
Africa (SSA) accounts for 71 % of the population yet is home to only 12% of the global 
population. 
Transmission of HIV in SSA is majorly through sexual contact and has remained a chal­ 
lenge to the possibility of an AIDS free generation, despite there being many initiatives 
to pr vent it. G�bal(y 5% of women living with HIV are aged 15 - 24 years, f whom 
80:Yc live in SS [l 27).I The N SCOP report [25] rugg t that, pr ntion £forts must 
f us n broad · · . m v · m nts that c ntribute t safer x b ihavior in ung women 
and extend to the general population with increased vulnerability to HIV. The report 
further explains that, the goal of HIV intervention research is to develop interventions 
that encourage participants to reduce or eliminate sexual or social behaviors that put 
themselves or others at increased risk for HIV infection. 
The study sought to establish how the education levels of Kenyan women aged between 15- 64 years affect their T-�r status through unobserved sexual behaviour patterns measured 
by three categorical ir icator ( us of condoms, non-marital sexual relationship and ab­ 
stinence). The surve · data t.l:6ea c0���tt:a measured on different metric scales, that 
i�binary outcome (HIV status), continuous latent mediator (sexual behaviour patterns), 
and categorical predictor variable ( education levels). Such a dynamic and complex multi­ 
variate model calls for a powerful statistical analysis tool/ technique. Structural Equation 
Modeling (SEM) ,  and more specifically, the latent trait analysis (LTA) was used. 
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. . 4,-->- � V f� � r�.vf' � ;  •  f) :\Iany scholars are interested in understuii l 1ug th pn <':-;,· hy wh.�jJU n Independent vm\l- 
able affects a dependent variable either directly or indirectly through a mediator. Re­ 
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which are measured on different scales. They may be on binary cale, categorical scale 
(nominal or ordinal), metric scale (discrete or continuous) or a , r ibination of the above. 
Researchers have proposed various solutions to working with cat ,g �-· · l variables or a mix 
of categori al and continuous variables in mediation. For example 1 focused on predic­ 
t �- nd allowed it to be at gorical. not just binary and uggested a it would be ideal to 1(cw for categorica M and ' as well. Other researchers make the assumption that, 
while a m ife t varis I c y discrete, the underlying construct is continuous. For -:) exampl 24] and [29Jyroposed modifications to structural equation mod lir_ig,. .. pf which 

<; the in dia :i:o:flrorm is a special case, for categorical variables. Muth [2'4] : s nm d 
:\..-"-t r' ategorical predictor variables, continuous latent variable with observed ca·  gorical data 

>...-l'°' '\..(\O arising through a threshold step function. His estimation procedure was based on gener­ 
'\ · , n alized least squares, assumed normal distributions, and recommended a large sample size . 

..,;1r-") ,, Motivated by Muthen's study, the current study will use latent trait analysis to test for 
� �, ) mediation and report findings when predictor variables are categorical, latent mediator 

c-,"- variables are continuous with categorical indicators and a b�'nary outcome. 
In a study on substance use as a mediator of the relati�. hip between life stress and 
sexual risk among young transgender women, Anna et al [4 used mediation analysis to 
determine whether life stress through the mediator "sul · ·e use" was associated with 
increased sexual risk among young trans-gender women in South America. The analy­ 
sis was based on data collected from 116 trans-gender women aged 16-25 years as part 
of the baseline assessment for an HIV prevention intervention. The median age was 20 
years. Controlling for age, high life stress was associated with an increased odds of sexual 
risk. This association was attenuated when substance use was added to the model. The 
results indicated a statistically significant indirect effect. They hypothesized that one of 
the pathways through which stress impacts sexual risk is illicit substance use, that is, exposur vat sd ile"" 1, of substance use, which in turn lead 

o greater sexual risk taking as discussed b) [12]. · 
Bryan et alw[9] used path analysis to camin h :""effects of a condom promotion interven- 
tion on condom use intentions in a sample of college women, as mediated by theory-based 
model variables. The authors developed a theoretical model of condom use specifically 
tailored to the young women. It was hypothesized that, the intervention would change 
perceptions of sexuality for women perceived to be susceptible to common sexually trans­ 
mitted diseases (STDs) and that it will bring out benefits of condom use. Although the 
final model iuclicatcd that the iut.orvcntiou hc1cl a direct iiupa ;,-[---ziul':l)�t. (' pcrccptious of 

;,-- ' 

sexuality for women and an indirect effect on benefits of cond rfu �')>,� it . Iidn ' t  assess the 
reliability and validity of the observed indicators. These twr st11cl� JJ: id shortcomings in 
the hypotheses because of the use of manifest variables. Our :-ntcly intends to address 
this by the use of latent variables as opposed to manifest variables since latent variable 
approach to mediation is more powerful thun approaches with only manifest variables 
such c1.s simple path or regression aualvsis [ :Z .  l J ] .  



3 Methods _ 

Structural equation modeling (SEM) is a multivariate statistical technique that@h • examination of a set of relationships between both independ nt"'ancl epend nt variables which are either continuous/discrete or observed/unobs rvetl t20 26 B th of these vari- ables can either E tor (latent) or measured ( obs rve 'f-rn... if st). SEM seeks to represent hyp he f·-hbout the means, variances and covariance of observed data in terms of a smaller nuf,[\her of "structural" parameters defined by a hypothesized underlying!h "­ oretical mode( [1] .  )  It is an essential tool in statistical analysis in ' i ntific r search due to its flexibilit . /_A major feature in the development of SEM is to conceptualize latent variables from the observed (indicators) variables given. Latent variable models refer to structural quatio�� nodels that take measurement error into account when statis�; ally t; . 
() � tO l '  •  ·---..::.::, analyzing data. \j'..L -, -------- If'-- !!,�1'-stf\ r A mediator ( also · 111 ed Mediating or intervening or int erm ·'ilil:'l.t� �v ·i ·· ne) is a varikl5� ? �' that is �etween t_he inde�endent and_ dependent var�able(s(.[23]) � y explain how and why an mtermediat�e v 'rtr.b� transmit the effect of mdepen ent v ntbl on an outcome ( dependent variabl . [21 ,  23). Mediators are also called process variables since they are variables that le ri -t'tre process by which an independent variable affects a dependent variable [16]. A mediation model can also be explained diagrammatically using the path diagrams as ill ustratcd in Figure 1 .  In the Figure 1 (a ) ,  the effect of X on Y, represented by c is called X's total effect n Y. This total effect is interpreted as the expected change in Y when X is changed by � unit. The effect of X on Y might come directly or in­ directly. Figure 1 ( b )  re presel� h · simplest mediation model, in this model, variable X has a direct effect on Y, denot ·' as c' . The variable X is also hypothesized to affect the mediator M, which then has an effect on variable Y. The effect of varia�le )(__01 ariable 

Y through variable M is called the indirect effect or mediated fr a.: � _ h direct and indirect effects are respectively given by the Equations 1 and 3.  

Y = c o +  cX + ey 

rn = ao + ax + em 
Y = d0 + blvl + c' X + ey 

3 .1  Model Formulation 
., 

The latent trait model is divided into two ·nwr-�it (i) Structural ,\fodel (ii) :\Ieasurement :\Iodel 
3 . 1 . 1  Structural l\!Iodel 

The structurul model oquut.ion is Iurr.hor subdivided into two i Y }  
J  f  = j() _;_ j I' --'--- .: I 

(1)  

(2) 

(3) 

( 1 )  
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Figure 1 :  Path diagram 
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1 ' { ': Y = , o + , 1 m + 1 2 x + E 2  (5) EquallonG nd Equatioc, Jean now be written in matrix form as is as given below: 
[ � l � �: �[ � l [ t.] + [  �; l x + [ :: l 

Where m is a mediator variable, y the ut j variable while f1 and f2�u- random 
errors with expected values (means) of zero and ·  re uncorrelated with the x. constant 
is absent from the equations because the variabl s are deviated from their means. This 
deviation form will simplify algebraic manipulatio but does not affect the generality 
of the analysis. ;12 is the structural parameter that 1 idicates the change in the expected 
value of y after a one-unit increase in m holding c2 .onstant. �;1 and ,2 are regression 
coeffidt•nt.s[\:1 is the latent coefficie:2_t. Th� matrix ra L th ·n 1  <" romfHH'�C ��,ten as 

Equatiou :Jy� the structural tnud<·'I  equation where 11 i · a vector representing dependent 
variables . I .uid Y).  X is a vector representing i 1 1 1 l , ·p  .udent variables (X) and ( is a 
vector l't'f)l'C:-'S(-'llting r.ui: lorn errors J  .ui: l f 2/ l'f'Sl)('Cti vol __ \/ The parameters J au: l I' ,ll'(' 

,,,-; deti11ed above. "'I 

l1'\ \�� 
1 � 1 

(.; ,,..J 1'.1. J� - '{y+- I'x + (  ry  },i,'\s'<' ��) (6: 



3 .1 .2  Measurement Model 

The measurement model gives the relationship between observed dichotomous variables 
and unobserved latent variable. It describes how each latent variable is defined via the 
manifest variables, and provides information about the validity and reliability of the 
structural model. The measurement model is given by; 

Yn 

which can be simplified to; 

,o 1 ,11 0 

')'02 ,12 0 

tOn tln O 

,21 

,21 

t2n 

x +  

y  =  11 T/ + ')'2X + e 

From the structure equation� make T/ the subject of the formula as follows 

TJ - (Jq = Fx + ( 

TJ(I - /3) = I'x + ( 

T/ = ( I -  , 8 ) - 1
fx+ ( I -  /3)- 1 (  

Substituting Equation 10 into equation 7, we have the following equation 

which gives the general formula of the measurement model as below 

(7) 

(8) 

(9) 

(10) 

( 11 )  

(12) 

where. A = (,B, u, r, 11, �;2, CJ". r5 y ) .  Note that, y is a vector of the observed endogenous 
variables and e is a vector of errors. Ay is the matrix of the structural coefficients between 
the observed variables and the latent variables. 

3 .2  Direct and Indirect Effect 

Iu Figure 2. ,V<' illustrate 1  he dircct awl iudinxt dfr<'1s of ( 'dll< 'atiou l('vds to HIV 011trn11H' .  

The direct effecr is t ha t influeuce of one varia ble on another t h,1 t is unmeclint erl hv . inv 

or lier v,u·ia1ilc's iu ,\ par li modd l' < 'l)l'<'SC'Ut< 'd bv Fiuur« :2r1. The indirect ,·ffe('t,-, of cl ,·,1rictblc' 

me 11wdi21t,,d l  iv at lens( ou« i11tl'LT<111i11g v.uiablo shown liv Fi,gttH' :2 1 J .  
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Figure 2: Path diagram 

3 .2 . 1  Estimation of Direct Effect 
o- 

Figure 2,1. represen s the firs model whi 11 is�dfrc t ff t mod· 1 .  it a 1 1 1  H  hs t th onl 
C'ffcct. < 1 1  t  he outcome Y is ,1, direct ('ffo('t frou 1 exposure �JrC'd'ict.or . i . < . J.  ti w < liroct 
effect model assuru s thR.t there i · uo 111 diari n curring etwe n X an] Y. s sucn, we 
can assume Y to be a linear function of its predictor X and it is assumed that the errors 
are normally and inde] · ndeu�cli. · ributed with constant variance . In the measurement 

1.r:-.1.,-:) model denoted by Equation ; . 10 .  . lie normal density function for the errors is 
0\J"" . \1 

(;;_ ' t 1 . 
A ,2 1'  .,t f(ci) = � :rp[--

2
cT] i = L .  :2.  :3 . . . .  t: 

,.1 � lf fT y 2 7f  -2cr 

I  The likelihood function is the joint density of :: 1 .  ::2 . . . . .  z; given as 

(13)  

(  1--!l 

1 -=l , / /  



for simplicity we write 
1 1 = (-t 1 2exp[--�c2]  

2mr2 2o-2 z: \ (15) 

which upon simplification, we get 

(17) 

(16) = (-1-r/2 exp[--1-c'c] 21ro-2 20-2 

v 
= (-1

-tl2exp[--1 ( y - X (3 ) ' ( y - X f3 ) ]  21ro-2 20-2 

replacing the value of e 

Since the log transformation is monotonic, so we maximize ln L( (3 ,  o-2)  instead of L( j3 ,  o-2 )  
to get 

lnL(fJ, o-2) = - �  ln(21ro-2)(y - Xj3)'(y - Xf]) (18) 

The maximum likelihood estimators (mle) of (3 and o-2 are obtained by equating the first 
order derivatives of ln L ( j3 ,  o- 2 ,  )  with respect to (3 and cr

2 to zero as follows: 

olnL(/3,  o-2) = _1_2 '( _ X(3) = O 
8/3 20-2 x y ' ;A'.. :.: : (19) 

upon simplification, we get 

(20) 

The likelihood equations are given by 

X'X/3 = X'y (21) 

2  1 ( ' (  er = - y - X(3) y - X3) 
ti 

(22) 

Since rank(X ) = k so that the unique mle of f3 and cr2 are obtained as 

3 = (X'X)- 1X'.lJ (  2:3) 

' l ' ' 
rr:. = - ( u  -  X  -J J ' ( u  -  X . -J )  

I I  

(2{\ 
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3 .2 .2  Estimation of Indirect Effect 

The indirect effects of a variable are mediated by at least one intervening variable. The 
sum of the direct and indirect effects is the total effects. In our model the indirect effect 
is illustrated by the influence of X on Y through the intervening variable TJ. We expect a 
one unit change in X to lead to an expected ,B change in TJ .  Thus (3 change in TJ should 
lead to an expected 11 change in Y. Therefore th�·  dir sc of X on Y is ,B ,1 . Figure 2b 
represents an indirect as well as direct elf cts [3] be model assumes not just a direct 
effect from the predictor X to the outcome Y h so an effect of X on the mediator M. 
As such both Y and M can be written as linear functions of their predictors and normally 
distributed error terms, 
The equations for Y and M that are used to define the indirect effect can be combined to 
obtain the total effect of X on Y under model 2. 
From the structural m d Fff'ote that E1 repr ·ents the error term for Mand E2 represents 
the error term for Y. Assum· that E2 is independent of M and of E1 and let 

var E2 = CT} and var E1 = CTf 

Using the specification of Y and :VI under Model 2 and under the assumption that 
Y and M have a multivariate normal distribution: Based on the multivariate normal 
distribution, the probability density function of Y and M can be written as 

(25) 

·Jiere a; = Yi - ( 11 + �/2 {3).ri and bi= M, - {3Xi 
The probability density function of Y and M can be viewed equivalently as the joint likeli­ 
hood of �/1, 12 ,  and (3 .Therefore, from the likelihood we can obtain maximum likelihood 
estimates (MLEs) for 11 , 12 , and (3 .  Once the MLEs have been calculated, they can be 
substituted into the likelihood to obtain estimated or profile likelihoods for the param­ 
eters of interest, namely �12 and (3 .  To fnd the MLEs, we can maximize the log of the 
likelihood 

n n 2 

( 2 2 n 2 2 Vu � 2 � V22 � ') 
L 1 1 , 1 2 , . B / X , A f , Y , CT y , CT M )  =  -nln21r-

2
lnCTy ,CJM-

2 
� a i - v 1 2 � a i b i -

2 
� b ;  

i=l i=l i=l 

(26) 
Next. the derivative of the log likelihood with respect to the variable that is being maxi­ 
mized must be set equal to zero. Then. the value for the variable that solves the equation 

is considered the maximum likelihood estimate. We now obtain the .\ILE for �;1 

'\°' II '\°' II b 
1 ' 1 1  L...i,=I a; J;; + l ' L:.2  L.. 1 = 1  i  .J:; 

I 
2 o- -' ) .  

'\"' "  •  (  .J '  '  .• 
L..., , = I  ,\' - . - 1  +  � 2  . ) ) , ! ' ,  !  . I ' ,  -  iT2\ '\"'" .  \ [  )  L.. 1 = [  l  .  I  -  ) , / , )  . r,  



"""'n x2 - "12 (3 L..i=l i 2u2Y """'n x2 L..i=l i 

,1 I:7=1 Xi - I:7=1 (Yi - ,2 mi) Xi 

, L�=l (Yi - ,2mi)xi 
rl = """'n 2 

L..i=l xi 

Using a similar process, we can obtain the MLE for 12 

(27) 

(3 
- u2Y 

1 

u2Y 

uiY L7=1 ( a, - 12 bi) (  f3 Xi - bi)  
Replacing a; and bi in the equation above, we have 

Recall that 

, L�=l (Yi - 12mi)xi (2S) ')'1 = """'n 2 
L..i=l xi 

We can substitute in the MLE for ')'1 into the equation to obtain 12 , the MLE for 12 , 

which will not depend on ')'i 

which siuiplifios to 

· :2  == 

'<;""'" '<;""' n 
�n L.., , = l  .IJiX, L...., , = l  :.c;m., 
L..i=t Yirri,,: - "'" .c: 

L-,=1 ' 

"""'n ·) <I::': . r , m , f  
L..,,;= I Tn"( - )" r� 

�n ,,,  ·J '"°"'n , n  
L.. 1 = l  . I J ; I I I . ,  L... i = I  . / : �  -  L... i = l  .IJ;.C; L... i - l  . /.' , I l l . ,  

" 1  "\"" .2 ' ""' r l  .  ) :2  .c_., , - 1  / I I , __,  1 . 1 1  -  ( L.., , = l  ' 1 1 1 1 1 1 .  

(29) 
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4 Results 

4.1 The general Linear regression analysis 

Before carrying out Linear regression analysi � did the correlation test that is used to 
determine whether there is a relationship between dependent variable (HIV outcome) and 
independent variables (education values) in the model. For instance the test to be carried 
out is 

(i) H0 : p =  0  (There is no correlation (r) between two variables) 

0./"t.-­ 

The correlation test results between independent variables and dependent variable I 
shown in Table 1 .  

Table 1 :  Correlation between dependent and independent variables 

Model Estimate results estimate S.E Est/S.E r-values P- 

VALUE 

HIV Outcome 0.625 0.054 11 .656 0.8461 0.0000 

Education level 0.581 0.059 9.855 0.8893 0.0000 

In Table 2, the results showKthat the independent variable is correlated with the depen­ 
dent variable. This is indicated by p-values that are less than cY, where cY value is 0.05. 

Therefore there e,-xi8t-� relationship between independent ( education level) variables with 
ep nd nt variabl · (HIV outcome). 

Next we carried out analysis to test the goodness of fit of the measurement model so as 
to assess the extent to which the latent variable were represented by the indicators ( ab­ 
stinence, use of condoms and non-marital sexual behaviour). The results are presented in 
Table 2 

Table 2: Overall fit of model paruructcrs 

variable estimate 

Chi-square 21 .695 

p-valuo .00002 

A Cl1i-Sq11M<' , '-', < J 1 H h w :-, :-i  < i f  fit l < ' S l  i.s ns<'cl 1-0 clcrcruiiue whcr lici or uor a <",H<','-',Cll'i< al v.ui.iblc 

follows ;\ hvpot hosizr«! disrribur.iou.  Frn111 L1hl1' 2., t lw  l' i 'S1llt.'i sbm\·x ,l p-valuo < ( ) . ( ) !j  

(ii) H1 : p -I- 0 (There is correlation (r) between two variables) 
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which means that the data provide sufficient evidence against the null hypothesis, so we conclude that the observed data follow a different distribution than the theoretical one. To compare two or more mod· 1- i. · .  measurement model and theoretical model, we used the Akaike Information riterion(lrc) where AIC with smaller value of standardized estimates represents a better fit of the hypothesized model. The results are presented in Table 3. 
Table 3: overall goodness of fit 

variable AIC Measurement model 1 .178 Theoretical model 2.695 

From Table 3, the results show(that the measurement model has a better fit compared 
\ • � theoretical model. 

. ,,,.-,, � 
�4.2 Measurement Model 

, \\.P The measurement model included one latent factor (Sexual Behaviour Patterns) and three 
-P V 

1 
�-v.s-- observed variables(Use of Condoms, Abstinence; and Non Marital Sexual behaviours). 

� w used listwise del · tion for missing da�a. nivariat k . n  value · rang from -.07 
<:,vC'x.cy t -1.12 1  nd univari t kur o. is valu s ranged from -.79 u .91 confirming hat th vari- 

() l) o,< abl s w r in ;l · d normally di tribut dui0 nd that no p · cial estimat rs to ad I r .  ·s non 

'\\P.,:; n rmalit wer n · ar . T h ·  ver I] fit indi and pararn tor estims te . t .. ik n dir ctlv from the output, are shown in Table 4 and 4.5. The tables presents' results in the form 
Av' 'J\ 

t,� � of regression equations, where the first set of iquations is the unstandardized parameter 

()7' ..) estimates, and the second set is the tandardi , · d parameter estimates. 

� ?  � �  
l'..P  

\;:::»-> 't,. l) This model was estimated using the data 2018 I• AIS which was a complete data since 
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Table 4: overall fit and significance of model parameters 
RMS EA estimate 

Chi-square 21.695 (2df) 
Probability value for the chi- .00002 
square statistic 
Chi-square for this ML solution 20.686. 
Comparative fit index (CFI) .907 
standardized RMSR .044 
Estimate 0.068 
90 percent CI 0.345 0.419 
Probability RMSEA 0.05 0.000 

Table 5: Standardized parameter estimates 

Sexual Behavior Patterns BY estimate S.E Est/S.E P-VALUE 
Use Of Condoms 1.000 0.000 999.0 0.000 
Abstinence 0.933 0.039 23.74 0.000 
Non Marital Sexual Behaviors 0.880 0.038 23.057 0.000 

From the results in Table 5, the overall significance of model parameters shows that the 
estimates of the model parameters were well represented by its indicators. An initial test 
of the measurement model revealed a very satisfactory fit to the data: x

2 (21 .685, N = 

5000) = 113 .22 ,  p < .001;  RMSEA = .055; SRMR = .044; and CFI = .907. All the factor I 

loadings for the indicators on the latent variables were significant (p < .001) ,  indic·1�_.f:, 
that the latent factor was well represented by its indicators. From the results in Ta.bl@-�) 
abstinence had a higher estimate 0.933 as compared to Non Marital Sexual behaviours 
with an estimate of 0.880 when use of condoms was controlled. 

4.3 Structural Model 

In Table 6 and 7, output of model parameters is shown. From Table 6, Mplus provides 
four columns of output for each estimated parameter. The first column < :epi:Cts the un­ 
standardized coefficient: the second column. the standard error: the third column. the: 
z-score demonstrating the significance of each parameter and the fourth column the stan­ 

dardized solution. These results can also he depicted in the output diagram in Figure 3 
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Table 6: Parameter estimates of structural parameters 

et al. 

INTERCEPTS estimate S.E Est/S.E STD 
HIV Outcome 0.301 0.067 4.473.0 0.142 
USE Of Condoms 0.385 0.074 5.219 0.221 
Abstinence 0.075 0.087 0.861 0.389 
Non Marital Sexual Behaviors 0 .126 0.084 1.495 0.135 

From Table 6, Abstinence has a higher significance 0.861 as compared to other indicators, 
while non marital sexual behavior has a lower starndardised coefficient. The results fur­ 
ther show that the disturbance terms ( errors in prediction) were correlated among each 
construct, it shows there was a significant indirect effect (mediated) of the sexual behavior 
pattern 011 HIV outcome. Looking at their estimates the indirect effect is statistically sig­ 
nificant but the direct is not. The reliability of the mean from the results can be deduced 
from the Standard Error results which showf that small values of SE indicates that the 
sample mean is more accurate and a reflection of the actual population mean. 

Table 7: Fit Indices for structural model 

RMS EA estimate 

Estimate 0.071 
90 percent CI 0.345 0.419 
CFI 0.96 
TLI 0 .710 
Probability RMSEA 0.05 0.000 

In Table 7 the model shows appropriate fit according to all indices. They provide the 
estimates of the latent trait factor with a mean of (94.342) and variance of (101 .86)  as 
well as the estimate of the measurement error variances under residual variances values 
ranging between 9.389 to<fl. 9'5 .__;, 

5 Conclusion 

In this studv, we presented methods for developing the model and the fitting of the model 
to I(AIS data in order to determine the appropriate probability distributiou for data 

set with the aim of e.stclblishing the strength of the associat.iou between tho categmicnl 

<  t f f , \ r i d t < 1 (s )  ,wd thf' l i inurv L'c'.spow;c r luough l M c ' l l l  «o u r. i n u o u s  uuxliator v n r i n 1 J l c 1 ( s )  ttsiug 
r h . :  stru.rurul r ·qn,lriou 1110ddi11 ,g. Th.- dirxr . iuclirccr .uicl r-ur- ,d df(1t·r.-, '�l[··,n11iw1rl in 21 
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"''""? '2l(MII 
.824 (.028) 777 (.073) 

\"M 

.524(.056) 1.184(.101) 1.145 (.096) 

�I 

Figure 3: output diagram 

single model. Specifically, the sexual behavior patterns (in iediate variable) was used 
to explain why an independent variable (education levelj a · cts the outcome HIV(status). 
From the results we find that there is a relationship b et ve n education attainment and 
knowledge /awareness of HIV/ AIDS. In most t<:8<',ll"<..'m findings a relationship between 
high level of education and awareness of EIVnas been observed such that those who 
have attained higher levels of education happen to be just as knowledgeable in HIV in 
terms of transmission, prevention , infection and control: However our analysis suggests 
that education levels is not associated with HIV prevalence after controlling for a number 
of socio-demographic characteristics and behavioral factors, unlike with other diseases 
higher levels of education do not appear to be protective against HIV positivity. 
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