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ESTIMATION OF HIV PREVALENCE AMONG WOMEN
IN KENYA IN THE PRESENCE OF MEDIATION
USING LATENT TRAIT ANALYSIS
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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 hetween the latent variable and the links between the latent variable
and their indicators.The 2018 Kenya AIDS Indicator Survey data wes used 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 showg’
that education levelf 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.

Subject Classification: xxxxxx

Keywords: HIV prevalence, continuous latent mediator, latent trait anal-
ysis, observed indicators(f.j
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According to I{harsan@]; HIV/AIDS has been with us for more than thirty years. To
date. there is still no ¢uré 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
rates still remain high since a large number of people remain unaware of their HI ¥ status
and therefore fail to be adequately linked to care and treatment programs, [EZB, 27]./ In
2018, an estimated 35.0 million people were living with HI'V worldwide whereSuwb-Siharan
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 prevent it. G)bdli'v ."15% of women living with HIV are aged 15 — 24 years, of whom
80% live in SS§ 7 ]/ The NASCOP report [25] suggests that, prevention efforts must
focus on lnoad,o il T novements that contribute to safer sex behaviors in young 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 HR status through unobserved sexual behaviour patterns measured
by three categorical H]ﬁ}i cators (llbi of condoms, non-marital sexual relationship and ab-
stinence). The survey data used-eon famed-data measured on different metric scales, that
iskbinary outcome (HIV status), continnous 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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Many scholars are interested in understa n.TFl g the process hx \\1 el an independent \ml@
able affects a dependent variable either direc tlv or indirectly through a mediator. Re-
searchiers have tested for mediation wlien all the variables ave coutiumous. but a delinitive
answet hacl been lacking as to how to analvie the data when predictor variables are cag-
cgotical. latent mediator variables are copfingiows and with categovical ndicators and a
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which are measured on different scales. They may be on binary peale, categorical scale
(nominal or ordinal), metric scale (discrete or continuous) or a corfibination of the above.
Researchers have proposed various solutions to working with categdrical variables or a mix
N\ of categorical and continuous variables in mediation. For example, @focused on predic-
g\ e < tof Xoand allowed it to be categorical, not just binary and suggested'that it would be ideal
J O to-allaw for categorical M and % as well. Other researchers make the assumption that,
while a manifest variahle mmy bhe discrete, the underlying construct is continuous. For

%, Example, [24] and [29] _1:)'1'0;)05@('1 modifications to structural equation modeling.. of which
C the mediation form is a special case, for categorical variables. Muthen( [24] assumed
.I_‘-\-k(g;*“ J‘;:-.&.Ltegori(‘:ad predictor variables, continuous latent variable with observed categerical data
arising through a threshold step function. His estimation procedure was based on gener-

:

‘i\& X ,;?] alized least squares, assumed normal distributions, and recommended a large sample size.

N Motivated by Muthen’s study, the current study will use latent trait analysis to test for

X)w \Db mediation and report findings when predictor variables are categorical, latent mediator
N variables are continuous with categorical indicators and a lx\r |y outcome.

In a study on substance use as a mediator of the relatigriship between life stress and

sexual risk among young transgender women, Anna et alf{<t] used mediation analysis to

determine whether life stress through the mediator "subdan ce use” was associated with

increased sexual risk among young trans-gender women in South America. The analy-

sis was based on data tollected 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 whicl stress impacts sexual risk is illicit substance use, that is,

“M(-\ exposire to stress is associated with elevated lewlsf of substance use, which in turn lead

S 0 greater sexual risk taking as discussed hy[3[12].

’ «I\v Bryan et al,[9] used path analysis to examineé the effects of a condom promotion interven-

OV 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

g 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 indicated that the ntervention had a direct mpagon th - perceptions of

\)j sexuality for women and an indirect effect on benefits of condetit use, itAidn’s assess the

N
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J reliability and validity of the observed indicators. These tweq stuct¥”adi shortcomings in
“\/\; =y the hypotheses because of the use of manifest variables. Our stiuly intends to address

A\, -

{ ' this by the use of latent variables as opposed to manifest variables since latent variable
“\(\, il approach to miediation is more powerful than approaches with only manifest variables
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Ny _‘I

)

f

=gl

J such as simple path or regression analvsis [2. 13],
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3 Methods =4

Structural equation modeling (SEM) is a multivariate statistical technique that al]gy} £ he
examination of a set of relationships between both independent and -dependent varighles,
which are either continuous/discrete or observed/unobservesl [20, 26]. Both of these vari-
ables can either b ﬁm tors (latent) or measured (observedy manifest). SEM seeks to
represent hypn!h(kﬁ about the means, variances anc covariance of observed data in termq
of a smaller number of “structural* parameters defined by a hypothesized underlying “he-
oretical mocle [7] 't is an essential tool in statistical analysis in scientific research due
to its flexibility- A major feature in the development of SEM is to conceptualize latent
variables from the observed (indicators) variables given. Latent variable modets refer to
structural equation models that take measurement error into account when H‘frltlbl“ ‘ally

analyzing data. (f4/ _ m
A mediator (alsocq led Mediating or intervening or mtermediate varipghle) is a va.uéﬂ% %2

that is between the independent and cependent variable SY [2.5] 'h(‘y sexplain how and
why an intermediat e var Pc'fblv transmit the effect of mdepon:[mt variable on an outcome
(dependent vauah{) 21, 23]. Mediators are also called process variables since they are
variables that deseibie-tl h & process by which an indepencdent variable affects a dependent
variable [16]. A mediation moclel can also be explained diagrammatically using the path
diagrams as illustrated in Figure 1. In the Figure 1(a), the effect of X on Y, represented
by c is called X’s total effect o Y. This total effect is interpreted as the expected change
in Y when X is changed by yﬁ_r: unit. The effect of X on Y might come directly or in-
directly. Figure 1(b) represeh t”the simplest mediation model, in this model, variable X
has a direct effect on Y, denoted as ¢ . The variable X is also hypothesized to affect the
mecdiator M, which then has an effect on variable Y. The effect of variable X an variable
Y through variable M is called the indirect effect or mediated effect [3 6, 18, 21]. The

direct and indirect effects are respectively given by the Equations 1 and 3.
M= el HBeld iR o (1)
i = 1@y my LS E (2)
Y=dy+bM +X +e, (3)

3.1 Model Formulation

N
The latent trait moclel is civicdedd into two muva)

(i) Structural Mocel

(i) Measurement Moclel

3.1.1  Structural Mlodel
The structural model ecuation is futher subdivided into two i.(ﬂ.,

W= j(]%jl';f| (L)
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Figure 1: Path diagram
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Equation]3 )/nnd Equdtl()l{?’ Jjcan now bc written in matrix form as is as given below:

-t 1 ,
M z 3
e [ 0 0 | 5T P o H €1
Y go o U Y2 €2
y f
Where m is a mediator variable, y the Hllt['{}ll\\(' variable while ¢ and egg\re random
errors with expected values (means) of zero andire uncorrelated with the x. A constant
is absent from the equations because the variables are deviated from their means. This
deviation form will simplify algebraic manipulatioys but does not affect the generality
of the analysis. v, is the structural parameter that ﬁhu]lcates the change in the expected

value of v after a one-unit increase in m holding ¢ Mlnstdnt ~ and 7, are regression
coeffivientspy ; is the latent Coefﬁqent The matrix ¢a r.i thew he (mnprur%}”‘:\/ ften as
6\

Lq_ o .1 /77) UPerg\ ?,m,m

=
Equrmcmc /l*-. the structural niorl ‘I[equamon where 5 I a vector replebentmg dependent

| and Y). X is a vecton representing indepiudent variables (X) and ¢ is a
The parameters 3 and TN ave

variables

vector representing random errors o) and e, vespectively.
as defied above, / Yo
\
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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;

i Y1 yu O i Yo1 €
Y2 Y2 Y2 0 iz €
Pl= " T m|+] 7 e+ ®
: : X Y ? :
Yn Yon  Vin 0 Yon En

which can be simplified to;
D AE TR D S (7)

N
A

From the stl'I_:ctura@ation‘G, wi make 7 the subject of the formula as follows

@ n)_\},)«f’:“? ) n—[fn=Tx+( (8)
nl—p8) =Ix+¢ (9)
n=(I- 8 Tx+ (I- g)~¢ (10)

Substituting Equation 10 into equation 7, we have the following equation
y=n[I-8)"Tx+(I-8)"([+nx+e (11)
which gives the general formula of the measurement model as below
y=Ax+e¢ (12)
where. A = (8,70, T, v, v, 0y 04). Note that, y is a vector of the observed endogenous

variables and ¢ is a vector of errors. A, is the matrix of the structural coefficients between
the observed variables and the latent variables.

3.2 Direct and Indirect Effect

In Fignre 2. we tllnstrare the divect and indivect effeets of education levels to HIV outeorne.
The direct effect is that influence of one variable on another that is unmediated by anv
other variables iu a path model vepresented by Fignre 200 The indirect effects of a variable
are mediared hy at least one ntervening variable shown by Figure 2D,
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Figure 2: Path diagram

3.2.1 Estimation of Direct Effect
o

Figure 2a represents the first model which is,direct effect 1‘1})0(]-:.-}. it assuimes that the only

effect on the onteome Y is a divect effeet from exposure pP/[JI'(‘(li(tl'Ul‘ XK. e, the dircet

effect model assirues that there is no mediation oceurring between X and Y. As such, we

can assume Y to be a linear function of its predictor X and it is assumed that the errors

are normally and indepenkn %_d itributed with constant variance . In the measurement
é‘\pé-") model denoted by Eqiuation31(}. the normal density function for the errors is

C ) 17
i & f i | 1, : 8 3 ,
A 2y = erp — £; =108 .m (13

\lﬁ% (1) (T\/??T ;_20_21,] )

The likelihood function is the joint density of =, =,.....2, given as

L(3.6%) = H ) (L)
f Ta=lag.



for simplicity we write

1 1
— n/2exp[—1=Y e2]
(27rcrz) 202 £~ 1 (15)
: (-
which upon simplification, we get ‘N
[ 1
= (539 a exp[—-5¢'e] (16)
replacing the value of € J, J/
\( = FX e 1 exp 1
n/2eXp|l——
\= prt 6;,%,.- — (2—7m.7) A% o2 (y—XB) (y—X8)] (17)

Since the log transformation is monotonic, so we maximize In L({ 8, 02) instead of L( 8, o2)
to get

InL(B, o2) = —g In(2ma2)(y — XB)(y — XB) (18)

The maximum likelihood estimators (mle) of 8 and o2 are obtained by equating the first
order derivatives of In L ( 3,02, ) with respect to § and ¢ to zero as follows:

)
OlnL(B, o2 1 Vg
—— = —227(y - XB) =0 = 19
upon simplification, we get \
: 757"
Aln L(3, 0?) n 12/ ;
fockisreiet, it Pl P ety - X
5 5 t57 W XB)(y— Xp) (20)
The likelihood equations are given by
X'Xp=Xy (21)
1l
o = ~(y = XB)'(y — X9) (22)
Since rank(X ) = k so that the unique mle of 3 and ¢ are obtained as
Si= (el (23)

i . - |
7= —(y — X3y — X3 (24

1



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 7). We expect a
one unit change in X to lead to an expected  change in 1. Thus S change in n should
lead to an expected v change in Y. Therefore theindirect of X on Y is 8 . Figure 2b
represents an indirect as well as direct effects( [3] The model assumes not just a direct
effect from the predictor X to the outcome Y Dut-also 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 model’ ¥ote that ¢ represents the error term for Mand e2 represents
the error term for Y. Assume that e is independent of M and of e1 and let

var e, = 0% and vare; =o?

Using the specification of Y and M 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

n

—_— _ —ny 2 2\ M1 2 _ n,._@n2
FY, M/ X, 7, B) = 2m) " (oyoyy) 2 exp 5 Za‘i V12;azbz 5 Z;bi (25)

=1

"V)Wllere a; =% - (m+r Bz, and b;=M,; - pX;

The probability density function of Y and M can be viewed equivalently as the joint likeli-
hood of ~/ v2 and B .Therefore, from the likelihood we can obtain maximum likelihood
estimates (MLEs) for v, v, and 8. 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 ~, and (. To fnd the MLEs, we can maximize the log of the

likelihood

n n 2
n (] U
L(v1,v2,8/ X, M.Y, c0,04) = —nln27r—§ln02/,a%\,,—% zaf—v]gzaibi—% zbf
=1 i=1 i=1
(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 MLE for ~

il . " ) 3 . " ]
Fi [ Z/::l Wk S Z]:l b; Ly

1 n o i R G ) /) . , )
D= z/:l A _(- | 3 §e j)’/! ) = Z/:l (4\[/ - DL
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Using a similar process, we can obtain the MLE for

58—712 = Un Z?:l Ba;z; + vn le a; by - vi2 2?21 B bz - via Z?zl b?

=2 30 (a - bi)m + o Do (@i - v bi)b;

o5 Dy (o= b )(B 2 - by

Replacing a; and b; in the equation above, we have

éZLyﬁ -MmT - y2m; =0

Recall that

. > o (Y — vomg)zs
¢ Z?:l x7,2

Y288
202Y

(28)

We can substitute in the MLE for =, into the equation to obtain -, , the MLE for

which will not depend on
Doict Yimi - Dy (M- e ma) T Xl T Yoy - o Xim m; =0

n o i l/ac Dt iy e &im; ~ n 2
Zi:]_ y’i m'i - j—=1 J1*1 1 1 T + FYQ nl i /2 Zi:l mi - O

i=17Z]
n - n ——— ¢ '
Sy m - Z_=11w2x—§wm 5y EL—_LB_"_;__ S m2)=0

A= *7%; =1
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4 Results

4.1 The general Linear regression analysis

Before carrying out Linear regression analysis‘ﬁ= 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) Hy : p= 0 (There is no correlation (r) between two variables)

\ \" (ii) Hy :p # 0 (There is correlation (r) between two variables) e

v
\{;&J'ﬁ The correlation test results between independent variables and dependent variable }6/

o shown in Table 1.
YL

N o\
/
\}j / S Table 1: Correlation between dependent and independent variables
/. y 'J Model Estimate results estimate| S.E | Est/S.E | r-values P-
f\\)j | VALUE|
HIV Outcome 0.625 0.054 11.656 0.8461 ' 0.0000 il
Education level 0.581 | 0.059 9.855 | 0.8893 | 0.0000

In Table 2, the results show} that the independent variable is correlated with the depen-

dent, variable. This is indicated by p-values that are less than cv, where « value is 0.05.

Theretore there exista,relationship between independent (education level) variables with
—dependent variable (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-
s ) \J\B stinence, use of condoms and non-marital sexual behaviour). The results are presented in
o 4 Table 2

Table 2 Overall fit of model parameters

| variable estimate |
~Chi-square G
p-value .00002 :

A Cli-Square goodness of fit test is used to deteriine whethier ov wor a categorical variable
follows a hypothesized distribution.  Fronr Table 2, the vesults sho\\'x a p-value < 0.05

!
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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 models i.¢., measurement model and theoretical model, we used
the Akaike Information Criterion(AIC) 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 showi(’that the measurement model has a better fit compared

\“‘u\o theoretical model.

2\

u.:-*’

=1 X’ i &&4 .2  Measurement Model

The measurement model included one latent factor (Sexual Behaviour Patterns) and three
VT observed variables(Use of Condoms, Abstinence, and Non Marital Sexual behaviours).
This model was estimated using the data 2018 {{AIS which was a complete data since
we used listwise deletion for missing data. Univariate skewness values ranged from -.07
o ~1.12 and nnivariate kurtosis values ranged from —79 to .91 confirming that the vari-
ables were indeed normally distributed[30] and that no special estimators to address non
normality were necessary. The overall Tt mdlm and parameter estimates. taken directly
from the output, are shown in Table 4 andf 1.5. 'The tables present¥ results in the form
of regression equations, where the first set of T]uations is the unstandardized parameter
estimates, and the second set is the :-;tund;u‘di;ud parameter estimates.

9 76



Table 4: overall fit and significance of model parameters

"RMSEA

estimate

Chi-square

Probability value for the chi-
square statistic

Chi-square for this ML solution
Comparative fit index (CFI)
standardized RMSR

Estimate

90 percent CI

Probability RMSEA

21.695 (2df)
00002

20.686.

S0

044

0.068

0.345 0.419
0.05 0.000

Table 5: Standardized parameter estimates

13

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 28.74 0.000
Non Marital Sexual Behaviors 0.880 0.038 23.067 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? (21.685, N =
5000) = 113.22, p <.001; RMSEA = .055; SRMR = .044; and CFI = .907. All the factor ,
loadings for the indicators on the latent variables were significant (p < .001), indicat/h;g__{‘j
that the latent factor was well represented by its indicators. From the results in Ta,hl@/,)
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

A

epicts the un-

standardized coefficient: the second column. the standard error: the third column. the
z-score demounstrating the significance of each parameter and the fourth column the stan-
dardized solution. These results can also be depicted in the output diagram in Figure 3
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Table 6: Parameter estimates of structural parameters

INTERCEPTS estimate | S.E Est/S.E STD
HIV Outcome 0.301 0.067 4.473.0 0.142
USE 0f 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 ou 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 showg 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

RMSEA 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 tocl I. 958. %

5 Conclusion

[ this studv. we presented methods for developing the model and the fitting of the model
to WAIS data in order to determine the appropriate probability distribution for data
set with the aim of establishing the strength of the association between the categorical
covariate(s) and the binavy respouse throngh lateut courimous mediator variable(s) using
the strucrval equation modeling. The divect. direct and toral effects \Mﬁamunnwl il a
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Figure 3: output diagram :

single model. Specifically, the sexual behavior patterns (in?’é@diate variable) was used
to explain why an indepenclent variable (eclucation level) affects the outcome HIV(status).
From the results we find that there is a relationship hetfveen education attainment and
knowleddge /awareness of HIV/AIDS. In most rvescarch! findings a relationship between
high level of education and awareness of HIV has 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-tlemographic characteristics and behavioral factors, unlike with other tliseases
higher levels of education do not appear to be protective against HIV positivity.
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