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Abstract

In the presence of time-varying treatment exposures and confounders, Marginal struc-

tural models with inverse probability treatment weights (MSM-IPTWs) are used to

control for confounder variable imbalances in the estimation of causal effects in longi-

tudinal observational studies. However, these methods have largely been developed for

univariate outcomes. This Ph.D. thesis develops causal inference methods that could be

used in longitudinal observational studies with multiple outcomes. The proposed meth-

ods are built around MSM-IPTWs and encompass two additional elements namely; a)

re-defining the weights as a product of inverse weights at each time point and b) account-

ing for the possible correlation between and within (serial) the multiple outcomes. The

capabilities of the proposed methods are demonstrated with an application to estimate

the effect of HIV positivity awareness on condom use and multiple sexual partners using

the Malawi Longitudinal Study of Families and Health (MLSFH) data. The results have

shown that the causal estimate of HIV positivity awareness and their associated standard

errors were slightly attenuated using our proposed methods compared to the standard

bivariate (condom use and multiple sexual partners) models. We recommend the use of

the proposed MSM-IPTWs when estimating the causal effects of treatment exposures on

multiple outcomes in longitudinal observational studies. The methods correctly control

for time-varying treatment and confounders and adjust for possible dependency within

and between the outcomes.
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CHAPTER 1 : Introduction

1.1 Estimation of treatment effect in medical research

In health research, interest is to estimate treatment exposure effects on an outcome. For

example, in child growth studies, the interest would be to see the impact of a child feeding

intervention on a positive change in child growth. Here we consider complementary

feeding, defined as introducing solid foods to a child at the age of six months, as

the treatment or exposure. A health researcher would be interested in answering the

following question, ”what is the effect of giving appropriate complementary foods

(timely introduction of solid foods and feeding a child the recommended number of

times, with the minimum dietary requirements) to a child from 6 to 23 months on change

in the child’s growth at five years of age”. To ascertain the effect, a child would have

a particular growth measurement (i.e., height) at five years of age if given appropriate

complementary foods and a different height if not given suitable complementary foods.

To measure the causal effect of proper complementary feeding on the child’s growth,

we would need to compare the outcome for the same child in both scenarios. However,

since it is not possible to observe both outcomes for the child at the same time, then

an individual causal effect cannot be observed, and this is known as the ”fundamental

missing problem of causal inference” (Holland, 1986).

One way to observe the causal effect is to take the difference of the averages between

those in the treated population (or sample) and those not treated known as the average

treatment effect (ATE). The main goal is to ensure that the effect obtained is mainly due

to the difference in the treatment groups without interference from other factors.
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Assigning subjects (for example, children) to either a treatment or a control group can be

done using randomization. One has control over the assignment of the subjects within

either the treated or the control group. For example, one simple randomization method is

tossing a coin to determine which feeding group to allocate a child. There is a chance that

through randomization, a large number of children may be assigned to the treatment group

or vice versa. Through randomization, treatment assignment is independent of measured

and unmeasured factors known as confounders influencing the treatment and affecting the

outcome (Rosenbaum, 2002). Thus, on average, the treatment groups are similar, and there

is no need to balance the two treatment groups. The difference in the growth measurements

for children who were five years old can be attributed to appropriate complementary feeding

assignments, which would be the only difference between the children in these two groups.

Even though randomization ensures balance, studies have shown that it does not guarantee

complete balance, especially for small samples (Suresh, 2011; Saint-Mont, 2015). Several

randomization procedures such as stratified randomized control trial (RCT) and statistical

approaches have been developed and implemented to solve this problem (Kendall, 2003).

RCT designs are considered as the gold standard for treatment assignment and to assess

the exposure effect (Rubin, 1974). However, most biomedical or public health research

problems may consider randomizing subjects within treatment groups as unethical and

unfeasible. For example, evidence has shown the effectiveness of complementary feeding

on improving child growth measurements (Twabi, Manda, & Small, 2021; Kumar, Goel,

Mittal, & Misra, 2006; Walters, Rakotomanana, Komakech, & Stoecker, 2019). Therefore,

randomizing children into either appropriate or not appropriate complementary feeding

groups would be unethical and possibly harmful to those assigned to the group without
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appropriate feeding. Thus, in the absence of an RCT, readily available observational data

from demographic and health surveys, routine health information systems, electronic med-

ical records, or disease surveillance registries which contain rich and valuable data provide

opportunities to assess treatment effects. However, subjects are not randomly assigned to

treatment groups for observational studies. The researcher can give an individual treatment,

for example, in health research studies, where a patient has been prescribed a particular

treatment after being diagnosed with an illness. However, in this scenario, the treatment

allocation is not random, and the researcher then observes the outcome. On the contrary,

another example falls under health survey research. The exposure and the outcome are

measured simultaneously, and there is no randomization and treatment assignment. These

two scenarios of the observational studies may result in selection bias.

Apart from the problem of selection bias from observational studies, treatment assignment

is not independent of confounders. For the child growth example, children from wealthy

families (or urban areas) would be given appropriate foods than those from poor households

(or rural areas). Additionally, educated mothers would understand the importance of

providing a child with appropriate foods and may have more income to afford such types of

foods. Therefore, the treatment effect estimation from non-randomized studies cannot be

done by comparing the outcomes between the treatment groups due to these confounding

factors, which results in confounder bias. These factors include characteristics of an

individual collected during a survey that may influence the causal association and distort

the true causal effect. A lot of work has been done in developing methods that assist in

assessing the causal association from observational studies based on the potential outcome

framework (Rosenbaum & Rubin, 1984; Robins, 1986; Rubin, 1974, 2006). This Ph.D.
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thesis contributes to the research area of causal inference, where the statistical analysis

objective is the estimation of a treatment or exposure on an outcome. In particular, this

thesis deals with estimating causal effects in an observational study where it is essential to

control for covariates. We use the terms treatment and exposure interchangeably.

1.2 Estimation of treatment effects

For studies that follow an RCT design, estimation of the treatment effect can be done

directly on the data with the assumption that all measured and unmeasured confounders

are balanced by design. The effect is obtained using standard statistical analysis such as

the t-tests for continuous outcomes, Chi-square tests for categorical data, and regression

methods. Some of the traditional statistical methods used to estimate the effects from RCTs

include Multivariate regression analysis, such as the analysis of covariance (ANCOVA).

The ANCOVA are used to control confounding by covariate adjustment, ensuring all

potential confounders are included in the regression model. In addition, the ANCOVA

model are used to estimate the causal effect by removing the influence of covariates that

are not balanced at randomization on the error term (Egger, Coleman, Ward, Reading, &

Williams, 1985; Winkens, van Breukelen, Schouten, & Berger, 2007; Egbewale, Lewis,

& Sim, 2014). The ANCOVA model have estimated the treatment effects under several

assumptions. These include assuming that the treatment and regression effects are additive.

In addition, the residuals must be independent and identically distributed as normal with

mean zero and constant variance, and the model must be correctly specified. However, the

limitation of the regression analysis in the control of confounders is that a wrong assumption

about the form of the relationship between confounder and outcome can lead to incorrect
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conclusions about the exposure effects (Pourhoseingholi, Baghestani, & Vahedi, 2012).

For observational studies, the researcher merely observes both the exposed and unexposed

subjects. The subject’s presence within a particular treatment group may be influenced by

purported measured and unmeasured confounders. Therefore, the causal effect estimates

using standard methods from such data may not be accurate and mere associations would

be obtained. To correct the limitations encountered using standard statistical methods,

statistical approaches that ensure comparability between the treatment groups have been

developed. Some of these methods control for the imbalances in confounder distribution

between treatment groups (Rubin, 2006; Abadie, Drukker, Herr, & Imbens, 2004) through

matching. For example, given a set of observed covariates for a child consisting of age,

gender, and place of residence. A researcher would pair an unexposed child with an

exposed child, having the same gender, same (or similar) age, and from the same place of

residence. However, as the dimensionality of the covariates increases, matching subjects

concerning a large number of covariates tends to be complicated. Other methods include

stratifying the exposure groups and comparing subjects within the strata. The limitations

of stratification occur just like for matching with increased covariates, which may result in

numerous strata, thus, having some fewer subjects within the treatment strata combination

which may result in incomplete balance and estimation of the treatment effects within

the strata may be biased. Due to the dimensionality problem with the standard matching

and stratification, Rosenbaum and Rubin (1983) developed a propensity score, which is

defined as the probability of a subject (e.g., a patient) being treated (assigned to treatment)

conditional on observed confounders. Under certain assumptions, known as a strongly

ignorable assumption (no unmeasured confunders present and all subjects have a non-zero
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probability of being treated), Rosenbaum and Rubin (1983) showed that the propensity

score is a balancing score, and conditioning on the propensity score resembles an RCT

design and ensures a balance between the treated and untreated groups. Generation of

the propensity score involves estimating the treatment as a function of the purported

confounders from the data. The propensity score is then used to balance the confounders

across the treatment groups using propensity score matching, inverse propensity score

weighting, stratification, and covariate adjustment (Austin, 2011; Austin & Stuart, 2015;

McCaffrey, Ridgeway, & Morral, 2004). Another approach that allows unbiased estimation

of the exposure effect from observational data includes the instrumental variable approach

(Hernán & Robins, 2020). The instrumental variable method has been commonly used to

estimate causal treatment effects in the presence of measured and unmeasured covariates.

1.3 Causal Inference in Observational Data

Causal inference from observational studies involves removing the effect of a set of known

purported confounders on the impact of a treatment on an outcome. Several assumptions

and techniques are implored to achieve causal estimation from observational data. This

section provides a statistical description and theoretical background of estimating treatment

effects from observational data.

1.3.1 Notation

Following Rubin (1974)’s notation, suppose there are n subjects, denoted by i = 1, . . . , n.

Let Ti denote an observed binary exposure for subject i, Ti = {0, 1}. For the child growth
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example, Ti = 1 if a child is given appropriate foods, Ti = 0 if not given appropriate

foods. Let us assume that for each subject, we observe an outcome Yi that could be

either measured on a continuous or binary scale. Furthermore, let Xi be a vector of

p measured covariates, a set of other baseline covariates or characteristics of subject i,

such as demographic characteristics. To characterize the causal effect, we define potential

outcomes as illustrated by Rubin (1974) in the subsequent section.

1.3.2 Framework of Potential outcomes

For a binary exposure Ti = {0, 1}, we define a set of potential outcomes YT , for subject i,

where Y1 is the outcome observed if T = 1 and Y0 is the observed outcome if T = 0. The

causal effect for subject i is the difference between the potential outcomes.

∆i = Y1i − Y0i (1.1)

For i = 1, . . . n and without loss of generality we generalize Yi to be Y . For subject i, only

one of the potential outcomes can be observed. Thus, the observed outcome is given as;

Y = TY1 + (1− T )Y0 (1.2)

Equation (1.2) illustrates the fundamental problem of causal inference. The fundamental

problem of causal inference specifies that only one outcome is observed for a subject

under the actual treatment received. Equation (1.2) is also referred to as the consistency

assumption (Rosenbaum & Rubin, 1983; Austin & Mamdani, 2006). Estimation of subject-

specific causal effects is not achievable due to the fundamental problem of causal inference
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(Holland, 1986).

1.3.3 The Average Treatment Effect

Since, in practice, we cannot observe both potential outcomes, the interest would be to

estimate the average of the individual effects across populations (or sub-populations) of

interest among the treatment groups and take the difference. The average treatment effect

(ATE) is given as

ÂTE = E[Y1 − Y0]

ÂTE = E[Y1]− E[Y0] (1.3)

This is the average treatment effect estimated at the level of a population. Another interest

would be to estimate the population average treatment effect only among treated subjects

given as

ÂTT = E[Y1 − Y0|T = 1] (1.4)

Based on equations 1.3 and 1.4 the treatment effect is estimated from the population of

the treatment groups when using observational data. Instead of individual comparisons,

we could compare potential outcomes across subjects in a defined population according to

the treatment level within that population (Rosenbaum & Rubin, 1983; McCaffrey et al.,

2004).

Another causal estimand of interest is the average treatment on the treated (ATT) given
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in equation (1.4). The ATT considers a comparison of outcomes among the treated

population. The choice of the causal estimand depends on the research question of interest.

This chapter focuses on estimating the average treatment effect for binary and continuous

outcomes.

In observational studies, given that we observe subjects in a population who are in the

treatment group (T = 1) and another set of subjects in the control group (T = 0), then the

comparison of the mean difference between the treatment groups would not be equivalent

to the average causal effect (∆µ ̸= ÂTE). There is no random allocation of subjects

into the treatment groups. Instead, the subject selects the preferred group, or a researcher

observes the subject’s exposure. Thus, some underlying factors, characterized by the

covariate vector X, may determine which group the subject belongs to, and the differences

between the exposure groups are likely influenced by the covariates (X ′s).

1.4 Causal Inference Assumptions

1.4.1 Unconfoundedness

Identification of the causal effect in equation 1.3 is possible if we are able to estimate the

mean potential outcomes from observed data O = (Y, T,X). Under randomized assign-

ment of subjects into treatment groups, the potential outcomes and treatment assignment

are independent Y1, Y0 ⨿ T , hence, for RCT, E[Y |T = 1] = E[Y1|T = 1] = E[Y1]. In

observational studies (Y0, Y1)⨿ T is unlikely to hold.

E[Y |T = 1] = E[Y1|T = 1] ̸= E[Y1]

9



However, it is possible to identify confounding factors for the subjects. For example,

consider a set of confounders in X in which subjects share the same value of X. Thus,

there would be no association between the treatment groups and the potential outcomes.

Exposure among subjects with similar values of the confounders would be similar to a

random allocation. The unconfoundedness assumption is given as;

(Y1, Y0 ⨿ T |X) (1.5)

The assumption states that the potential outcomes are independent of the treatment given

the confounders. This assumption further implies the absence of unmeasured confounders.

Being in either treatment group does not depend on the potential outcomes.

1.4.2 Positivity (Overlapping)

Another assumption states that for every value of the confounders, X, every subject has

a probability of receiving the treatment also known as the positivity assumption. The

positivity assumption is written as

0 < P (T = 1|X) < 1 (1.6)

For this assumption, all subjects have an equal chance of being exposed (or assigned to

treatment). Each subject must have a treatment probability that is strictly between 0 and

1. When the probability of being treated is not possible (is equal to zero), the positivity

assumption is violated.

Assumptions (1.4.1) and (1.4.2) collectively are known as the strongly ignorability as-
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sumption (Rosenbaum & Rubin, 1984). Under the strongly ignorability assumption we

can show that the unbiased average causal effect (β) can be estimated from observed data

as follows;

β = E{E[Y1 − Y0|X]}

= E{E[Y1|X]− E[Y0|X]}

= E{E[Y1|T,X]− E[Y0|T,X]}

= E{E[Y |T = 1, X]− E[Y |T = 0, X] (1.7)

The proof provided in equation (1.7) takes into consideration that one has to condition

on the X’s. Therefore, it is essential to identify a set of confounders (X) that satisfy the

overlap and unconfoundedness assumption.

1.5 Selection of Covariates and control for confounders

To identify the average treatment effect using the observed data, under the strongly ig-

norability assumption, we need to ensure that all potential confounders are identified and

controlled for. There is a need to identify confounders, X, that uphold the unconfound-

edness assumption. It is possible to have covariates that may not uphold this assumption

if among the identified covariates some are removed or new covariates are added, causing

redundancy and hence, spurious conclusions (Austin, 2011; Austin & Stuart, 2017). Under

the strongly ignorable assumption, controlling for covariates that affect both the exposure

and outcome may enable us to assess the average causal effect from the observed data.

Confounding obscures the actual causal effect and results in spurious conclusions. There-
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fore, it is essential to control for confounding during the design stage (such as random-

ization) or at the analysis stage. For observational studies, the common methods for

controlling confounding are stratification and matching. In the next section, we provide a

brief description of matching and stratification to reduce confounding bias.

1.5.1 Stratification

The method of stratification is commonly done during analysis. It involves creating strata

according to the levels of the potential confounders. For example, in assessing the effect of

appropriate complementary foods on child growth measurements such as stunting, wealth

may be a potential confounder. Wealth influences the provision of appropriate foods to

the child and is also associated with stunting. Therefore, we can create strata across the

wealth levels, and the effect of complementary feeding on stunting is calculated in each

subset. The overall average causal effect (either a mean difference, risk ratio or odds

ratio) is obtained by averaging the effects across the strata. The most common approach

in epidemiology and public health has been using the Mantel-Haenszel (Jager, Zoccali,

Macleod, & Dekker, 2008; Kahlert, Gribsholt, Gammelager, Dekkers, & Luta, 2017).

Stratification does not go without difficulty. For example, if we had ten confounders that

are measured on a binary scale, then there would be 210 = 1, 024 strata, and not all strata

would have enough subjects (n > 5), as some strata would few subjects. If some strata on

the exposure have very few subjects, then complete balance would not be achieved hence

resulting in residual confounding which defies the very essence of stratification. Estimation

of the treatment-exposure effect would be biased due to presence of some confounding and

the power of the effect would be affected due to the small sample sizes.
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1.5.2 Matching

Matching involves pairing exposed subjects to those unexposed on the potential con-

founders. For example, complementary fed and wealthy children are paired with other

wealthy children, not complementary fed. Matching helps reduce the potential confound-

ing effect of the confounders on the outcome. The problem with matching emanates

when there are many confounders and the need to match on all these confounders, and

the resulting sample would be very small from the original sample. Not all the exposed

would be matched to the unexposed, hence, discarding those that are not matched in turn

losing some information. Other methods of controlling for confounding include regression

methods which use a parametric model for the conditional expectation of Y given T and

X . The coefficient in the regression model correspond to the exposure effect is equal to

β = E[Y1 − Y0] under unconfoundedness (Senn, 1989). In most cases, linear and logistic

regression are the parametric models for continuous and binary outcomes. The dimension-

ality problem encountered with matching and stratification is addressed using propensity

score techniques Rosenbaum and Rubin (1983).

1.5.3 Instrumental variable approach

Most of the balancing methods, such as the propensity score approaches, used to control

for confounding are done under the assumption of no unmeasured confounders. However,

there is a possibility of having residual confounding due to unmeasured confounders. For

example, in estimating the effect of child feeding intervention on child growth, we can

control for factors such as age, wealth, sex, however, genetic and environmental factors are
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commonly not measured. One approach that takes into account controlling for unobserved

confounders is the instrumental variable approach. The instrumental variable is used to

estimate causal treatment effects in the presence of measured and unmeasured covariates.

An instrument is a variable that predicts an exposure, but conditional on the exposure shows

no independent association with the outcome. Instrumental variables have been widely

used and are categorised as either ”exogenous” and ”endogenous” (Sainani, 2018). An

endogenous variable refers a variable that is related to the outcome variable or variables

related to the outcome. On the other hand, an ”exogenous” variable is a variable that is not

related to any factor of interest. We illustrate the relationship of an instrumental variable

with the treatment and outcome of interest in Figure 1.1.

x yz

u

Figure 1.1: Illustration of Instrumental variable. Source: Sainani (2018)

In figure 1.1, u represents the unmeasured confounders and is associated with x, (for

example, children living in drought prone environments are more likely to have poor child

growth outcomes unlike those living in areas where the climate is favourable) hence,

producing bias estimates of x on y. We identify an instrument z which is related to x but

not to u, hence z is exogenous. Therefore, with the identification of the instrument z, we

can obtain unbiased estimates of the effect of x on y
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1.6 Data Description

1.6.1 Malawi Demographic and Health Survey (MDHS)

In this thesis, we used both the 2010 and 2015-16 Malawi Demographic and Health Survey

(DHS) and 2018 Zambia DHS datasets to estimate the effect of maternal HIV on perinatal

mortality, childbirth weight, and the effect of appropriate complementary feeding on child

growth outcomes. These are nationally representative household surveys that provide data

for a wide range of population, health, and nutrition indicators focused on under five-

year-old children in Malawi and Zambia. The datasets provided up-to-date information

on current HIV trends, child health, and nutrition. In addition, the 2010 data provided

information regarding the moderating effect of ART status on the association between

maternal HIV infection and birth weight. Parents of infants included in the surveys had

signed informed consent. The MDHS and ZDHS reports provide the details of the sampling

design (MDHS, 2010; Government of Malawi & ICF, 2017; Zambia Statistics Agency &

ICF, 2019; Twabi, Manda, & Small, 2020).

We used three anthropometric indices for the child growth outcomes, namely height-for-

age, weight-for-height, and weight-for-age. We followed the convention of recording each

index as a z-score, which indicates how many standard deviations (SD) is a child’s index

from the median of the World Health Organization (WHO) Child Growth Standards (WHO,

2006). Height-for-age z-score< -2 SD denotes a child who is stunted; similarly for wasting

(weight-for-height z-score < -2 SD), and underweight (weight-for-age z-score < -2 SD).

In measuring the appropriate complementary feeding practice exposure, we considered

a child to be appropriately complementary fed if the child satisfied the following three
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conditions, the child was introduced to complementary foods, the child had a minimum

dietary diversity, and a minimum meal frequency (Twabi et al., 2021).

Covariates that were identified within the Demographic and Health Survey datasets as

potential confounders for the effect of maternal HIV on perinatal mortality and childbirth

weight included: mother’s education, a child’s age, place of residence, wealth. For

the effect of appropriate complementary feeding on the child growth measurements, the

confounders were mother’s education, counselling on breastfeeding, history of diarrhoea,

household wealth, child’s age, mother’s employment, sex of a child, place of residence,

wealth quantile, mother’s age, mother’s HIV status, birth weight, and antenatal visits.

However, we replaced mothers’ employment status with mothers’ education and wealth as

only a few mothers were employed full-time since the matched sample would have been

small within mothers belonging in the full-time category.

1.6.2 Malawi Longitudinal Study of Families and Health (MLSFH)

The Malawi Longitudinal Study of Families and Health (MLSFH) is an ongoing panel

survey that has been conducted bi-annually since 1998 in 120 villages in rural areas of

three districts; Rumphi, Mchinji, and Balaka in Malawi (H.-P. Kohler et al., 2014; Baranov

& Kohler, 2018). The aim of the MLSFH is to understand social economic influences

on fertility behaviors and HIV risk perceptions. In 1998, the MLSFH randomly selected

households from which to interview ever-married women and their husbands in the three

districts. Major MLSFH data collection was conducted in the years 1998, 2001, 2004,

2006, 2008, and 2010. Extensions on dynamics in the aging population was done from

2012 to 2020. MLSFH has collected socio-economic, fertility, and HIV data for up to
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4000 couples in the 120 villages across the three districts. The design and methods of the

MLSFH have been described in detail elsewhere (H.-P. Kohler et al., 2014; Baranov &

Kohler, 2018; I. Kohler et al., 2020). We studied 2540 individuals enrolled in 2004 and

followed up at eight time points namely; 2006, 2008, 2010, 2012, 2013, 2017, 2018, and

2019.

1.7 Research Problem

In biomedical and health research studies, often multiple outcomes are collected, and the

interest is to estimate treatment effects on the joint outcomes. Researchers are faced with

a more complex task in estimating the effects when the outcomes are collected repeatedly

over time from observational data. For example, in child growth studies, under-five (U5)

year old children, who are assumed to be exclusively breastfed (children less than six

months of age) and complementary fed (children aged 6 to 23 months), attend U5 clinics

every month where their anthropometric measurements are collected. The interest would

be to assess changes in growth over time. It would therefore be essential to control for

confounders when intending to estimate the causal effect of appropriate complementary

feeding on child growth from the observational data. In addition, since the outcomes are

measured within the same child, they are possibly correlated. Hence, the causal analysis

should consider the correlation within and between the outcomes.

Several studies have developed methods for estimating exposure effects for multivariate

outcomes. However, certain methods utilized standard regression adjustment to handle

confounding, and some were developed specifically for randomized settings. Sammel, Lin,
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and Ryan (1999) proposed a multivariate linear mixed-effects model for several outcomes,

linking the separate linear mixed models using correlated model-specific random effects.

However, their framework did not establish a clear means of estimating causal treatment

effects. Lupparelli and Mattei (2017) employed the potential outcome framework and de-

veloped a product set for binary non-independent outcomes to evaluate the causal effect of

an exposure on the joint multivariate structure of the binary outcomes. Yet, their approach

was intended for a single time-point randomized setting and relied on log-mean linear

models for treatment effect estimation. Mattei, Li, Mealli, et al. (2013) used a Bayesian

approach to estimate the causal effect of an exposure on the main outcome, regarding the

remaining outcomes as auxiliary outcomes, and hence did not specify the full correlation

structure for the main and auxiliary outcomes. Hernan, Brumback, and Robins (2002) es-

timated the effect of time-varying exposures on observational repeated measurements with

time-varying confounders using marginal structural models. However, their approach only

accounted for the serial correlation between the repeated measurements. Furthermore,

several methods have been developed for multiple treatment effects on an outcome for

longitudinal data (Howe, Cole, Mehta, & Kirk, 2012; Tager, Haight, Sternfeld, Yu, & van

Der Laan, 2004; Taubman, Robins, Mittleman, & Hernán, 2009). We searched PubMed

using the keywords ”Causal inference” OR ”causal effects” AND Longitudinal data AND

Marginal structural Models AND Multiple outcomes. Little is known of studies that have

estimate treatment effects for longitudinal observational data with multiple outcomes while

controlling for time-varying confounders and treatments and accounting for the within (se-

rial) and between outcome correlation. VanderWeele, Mathur, and Chen (2020) provided

a comprehensive description and example of causal effect estimation for longitudinal data

with multiple outcomes using standard causal inference methods. Moodie, Stephens, and
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Klein (2014) developed a semi-parametric survival technique using the marginal struc-

tural model for multiple-outcome survival data to assess the effect of exposure on several

cause-specific deaths. Their interest was to estimate the effect of an exposure on several

causes-specific deaths. Agogo, Murphy, McAvay, and Allore (2019) employed a shared

random effects model to jointly analyze concurrent binary outcomes in a longitudinal

observational setting but did not control for time-varying confounders.

Unlike standard longitudinal studies with a univariate outcome, the estimation of causal

effects of longitudinal studies with multiple outcomes can be challenging as one needs

to account for both the within and between outcome correlation as well as control for

time-varying treatments and confounders, including the outcome-specific confounders.

Ignoring the complex dependency structure within the estimation may inflate the standard

errors and lead to overestimation of the causal effect (Oliveira & Teixeira-Pinto, 2015;

Cho, 2016).

This Ph.D. study is important because it develops statistical methods to estimate treatment

effects for longitudinal observational data with multiple outcomes. The methods provide

an advanced approach for public health researchers to analyze non-randomized multiple

outcome data collected repeatedly over time.

1.8 Research Aim

The overall aim of this Ph.D. thesis is to develop causal inference methods that could be

used to estimate causal effects in longitudinal observational studies with multiple outcomes.

The proposed methods are built around the Marginal Structural Model with inverse prob-
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ability treatment weights (MSM-IPTWs). The proposed methods control for time-varying

treatment and confounders and account for the within-and between outcome correlation.

Furthermore, as part of a comprehensive simulation study, the comparative performance

of statistical regression approaches and an application to maternal and child health studies

from a cross-sectional survey and on the estimation of the effect of HIV status awareness

on risky sexual behavior from a longitudinal MLSFH survey is done.

1.9 Outline of the Thesis

The rest of this thesis is organized as follows; Chapter 2 reviews propensity score methods

based on matching, inverse weighting, and subclassification. We discuss how propensity

score methods balance covariates among exposure groups and a derivation of the estimators

from the observed data. We apply the PS methods to the Malawi Demographic and Health

survey data. Chapter 3 presents the Marginal structural model and inverse probability

treatment weight for univariate longitudinal outcomes and its application on the Malawi

Longitudinal Study for Family and Health (MLSFH) data to estimate the effect of HIV

positivity awareness on condom use and multiple sexual partners. Chapter 4 presents an

overview of statistical regression methods used to estimate treatment effects for multiple

outcomes. We compare the performance of four multivariate methods using a simulation-

based study. An empirical application is conducted to assess the effect of appropriate

complementary feeding on three child growth outcomes. Chapter 5 presents our proposed

methods of estimating causal inference for longitudinal observational data with multiple

outcomes. We propose an estimator for balancing exposure groups based on the inverse

propensity weights and modify the marginal structural model to estimate the causal effects
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for the multiple outcomes. We demonstrate the applicability of the proposed methods on

an empirical application to the MLSFH to estimate the effect of HIV positivity awareness

on condom use and multiple sexual partners. Finally, in Chapter 6, the contributions of

the approaches are discussed and summarised. The limitations and future research are

discussed.
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CHAPTER 2 : Theory of Propensity Scores and Application to

Child Health

2.1 Introduction

The previous chapter provided a brief overview of the propensity score and how it is

used to control for confounding. This chapter provides details of the propensity score

matching, inverse propensity score weighting, and propensity score subclassification,

the corresponding estimators, and a derivation of their variances. We apply maternal and

child health data methods from the Malawi and Zambia Demographic and Health Surveys

(MDHS). The publications:Twabi, H.S., Manda, S.O. & Small, D.S. Assessing the effects

of maternal HIV infection on pregnancy outcomes using cross-sectional data in Malawi.

BMC Public Health 20, 974 (2020). https://doi.org/10.1186/s12889-020-09046-0 and

Twabi HS, Manda SOM, Small DS. Evaluating the Effect of Appropriate Complemen-

tary Feeding Practices on Child Growth in Malawi Using Cross-Sectional Data: An

Application of Propensity Score Matching. Front Nutr. 2021 Nov 18;8:714232. doi:

10.3389/fnut.2021.714232 and Twabi, H. S., Manda, S. O. M., & Small, D. S. (2022).

Estimating Unhealthy Food Effects on Childhood Overweight in Malawi Using an Ob-

servational Study. Maternal and Child Health Journal, 1-9., are based on material from

this chapter.
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2.2 Propensity score Method

The propensity score is defined as the probability that subject i is given treatment or is

exposed given observed covariates X. The propensity score is defined mathematically as;

p(x) = Pr(T = 1|X) (2.1)

0 < p(x) < 1

The propensity score reduces the dimensionality of a vector of covariates X by providing

a single score. Equation 2.1 implies that T and X are independent conditional on the

propensity score X ⨿ T |p(x) (Rosenbaum & Rubin, 1984). This ensures that exposed and

unexposed subjects with the same propensity score are balanced across the distribution of

their respective confounders X. Dimensionality reduction using the propensity score can

be done using matching on the propensity score, inverse propensity score weighting (Austin

& Stuart, 2015), augmented inverse probability weighting that incorporates a model for

the outcome (Lunceford & Davidian, 2004), doubly robust estimators (Cao, Tsiatis, &

Davidian, 2009), stratification (Rosenbaum & Rubin, 1984) and regression adjustment

(Austin, 2011).

Rosenbaum and Rubin (1983) proved that the propensity score is a balancing score and

conditioning on the PS, the potential outcomes are independent of the exposure for pε(0, 1).
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The balancing property of the propensity score shows that P (T = 1|p(x), x) = p(x)

P (T = 1|p(x)) = E(T |p(x))

= E[E(T |p(x), x)|p(x)]

= E[E(T |x)|p(x)]

= E[Pr(T = 1|x)|p(x)]

= E[p(x)|p(x)]

= p(x)

The equation holds using the unconfounded assumption, iterated expectations, definition

of the PS. Hence we can further define the assumption 1.4.1 provided in Chapter 1 as

(Y1, Y0) ⨿ T |p(x) and show that conditional on the propensity score, the mean potential

outcomes may be identified from observed data.

E{E[Y |T = 1, p(x)]} = E{E[Y1|T = 1, p(x)]} = E{E(Y1|p(x))} = E(Y1)

The same applies for T = 0, resulting inE{E[Y |T = 1, p(x)]}−E{E[Y |T = 0, p(x)]} =

E[Y1 − Y0].

2.2.1 Propensity Score Estimation

The common approach used to estimate the propensity score is assuming a logistic dis-

tribution for the PS and estimating the probability using a logistic regression model. The

estimated propensity score is the predicted probability of the exposure from the fitted
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regression model (Austin, 2011).

p̂(x)i = logit(p(xi)) = log
(

p(xi)

1− p(xi)

)
= log

(
Pr(Ai = 1|xi)

1− Pr(Ai = 1|xi)

)
= Xiβ

In multivariate form we can write it as p(X,β) = {1 + exp(−XTβ)}−1, where β is a

(p × 1) vector. Interactions and higher-order terms can be included in the model. The

parameter β is estimated by the maximum likelihood estimator (MLE).

logL(Ti,Xi;β) =
n∑

i=1

Ti − p(Xi,β)

p(Xi,β){1− p(Xi,β)}
∂

∂β
{p(Xi,β)} = 0 (2.2)

An extension of the logistic regression model for the case of binary treatment would be the

multinomial logistic regression model for multilevel treatments (Imbens, 2000; Feng, Zhou,

Zou, Fan, & Li, 2012). For treatments or treatment levels that are correlated, Imbens (2000)

recommended nested logistic models; Lechner (2002) and Imai and Dyk (2004) suggested

that multinomial probit models can be used. Recently, machine learning methods have

also been considered for propensity score estimation. These methods include classification

and regression trees (CART), bagged CART, random forests (RF), and generalized boosted

models (GBM) (McCaffrey et al., 2004), which are less biased and have better 95%

confidence interval coverage than the logistic regression model for the binary case (Lee,

Lessler, & Stuart, 2010). A model-averaged approach called data-adaptive matching score

(DAMS) that balances propensity score estimates from parametric (logistic regression) and

non-parametric (random forest) models were also suggested by Zhu, Ghosh, Mitra, and

Mukherjee (2014). McCaffrey et al. (2013) recently generalized the GBM to a multilevel

treatment case.
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Under the strongly ignorability assumption, the propensity score estimates the unbiased

average treatment effects (Rosenbaum & Rubin, 1983). Methods of propensity score

matching, stratification, weighting, and covariate adjustment have been developed to fa-

cilitate the causal inference using propensity scores (Austin, 2011; Cole & Hernan, 2008;

d’Agostino, 1998; Rosenbaum & Rubin, 1984; Lunceford & Davidian, 2004).

2.3 Propensity Score Matching (PSM)

One of the common methods of using propensity scores is matching. The propensity

score matching involves matching exposed, and unexposed subjects based on the estimated

propensity score resulting in two comparable groups, and hence, the average treatment

effect can be estimated from this matched sample (Rosenbaum & Rubin, 1983).

Various matching methods have been proposed in the literature to ensure optimal matching,

since using the estimated PS alone to match would be limited as the probability of observ-

ing two subjects with the same value of the propensity score is zero (Becker & Ichino,

2002). These methods are the Nearest neighbor, Caliper matching, Kernel matching, and

Mahalanobis metric matching.

2.3.1 Nearest Neighbour matching

The nearest neighbor matching is based on the greedy matching algorithm that matches

each subject i in the treated group with a subject i′ in the control group by the smallest

26



absolute distance between their propensity scores;

di = minj|p(Xi)− p(Xi′ )| (2.3)

2.3.2 Caliper matching

Caliper matching pairs each subject i in the treated group with subject i′ in the control

group within a pre-specified caliper region b; dii′ = mini′{|p(Xi) − p(X
′
i)}| < b. This

helps reduce the risk of poor matches when the distance of the propensity scores between

the matched pairs is great.

2.3.3 Mahalanobis metric matching

Mahalanobis metric matching with the propensity score matches each subject i in the

treated group with a subject i′ in the control group according to the closest mahalanobis

distance calculated on the similarities of the variables:

di = mini′ |Dii′ | (2.4)

where Dii
′ = (Wi −Wi

′ )S−1(Wi −Wi′ )
T (Rosenbaum & Rubin, 1985). Where W is

a combined matrix of {X, p(X)} and S is the sample variance-covariance matrix of X for

the control group.

Several improvements have been done to the various matching methods. Dehejia and

Wahba (2002) introduced radius matching, which is a form of caliper matching except

that the matching is one-to-many with each subject i in the treated group being matched
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with multiple subjects in the control group within a pre-specified caliper region. Pan and

Bai (2015) extended the caliper matching to interval matching that matches subjects based

on confidence intervals in propensity scores. Further extensions include the Mahalanobis

caliper matching (Guo, Barth, & Gibbons, 2006) and the genetic matching, which are

forms of the Mahalanobis metric matching that uses calipers and weighted Mahalanobis,

respectively.

2.3.4 PS matching estimator

Several methods have been proposed in the literature to estimate the treatment effects

from the matched sample. The simplest method to estimate the treatment effect from the

matched pairs considers the mean of the pair differences written as:

δ̂matchH
=

1

n1

n1∑
l=1

Y 1
l − Ȳ 0

l (2.5)

where l represents the n1 matched sets and Ȳ 0
l is the average of Q unexposed subjects in

the matched set l (Austin, 2014).

Matching with replacement aims to use all the observations in the data by matching the

exposed or unexposed observations of the opposite treatment assignment. To define the

estimator, we start by defining the potential outcomes for the matched sets as:

Ŷ 1
i =


1
H

∑
lϵLH(i,ϕ) Yi if Ti = 0

Yi if Ti = 1
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Ŷ 0
i =


Yi if Ti = 0

1
H

∑
lϵLH(i,ϕ) Yi if Ti = 1

LH(i, ϕ) is the set ofH observations in the treated group opposite to iwith similar propen-

sity scores. Using these definitions of the potential outcomes, the matching replacement

estimator can be written as;

δ̂matchrep =
1

n

n∑
i=1

(Ŷ 1
i − Ŷ 0

i )

=
1

n

n∑
i=1

(2Ti − 1)

(
1 +

QH(i)

H

)
Yi (2.6)

where QH(i) is the number of times a subject i is used as a match (Abadie & Imbens,

2006). For the ATT, the estimator can be estimated to be

δ̂matchrep(ATT ) =
1

n1

n∑
i=1

(Yi − Ŷ 0
i )

=
1

n1

n∑
i=1

Ti − (1− Ti)QH(i)Yi (2.7)

Abadie and Imbens (2006) proposed an estimator of the variance for the matching with

replacement estimator given as;

V̂ ar(δ̂matchrep) =
1

n2

n∑
i=1

(Ŷ 1
i − Ŷ 0

i − δ̂matchrep)
2

+
1

n2

n∑
i=1

[(
QH(i)

H

)
+

(
2H − 1

H

)(
QH(i)

H

)]
σ̂2(Xi, Ti) (2.8)

Where H is the number of matches per subject, QH(i) is the number of times subject i is

used as a match, and σ̂2(Xi, Ti) is the estimated conditional variance given by (Lunceford

29



& Davidian, 2004);

σ̂2(Xi, Ti) =
J

J + 1

(
Yi −

1

J

L∑
l=1

Ysl(i)

)2

(2.9)

where L is the fixed number of similar subjects and sl(i) is the lth closest subject to subject

i among subjects with the same T value (Abadie & Imbens, 2006).

2.4 Inverse probability weighting (IPW) on the PS

Another balancing approach is weighting each subject based on the propensity score. The

approach re-weight the exposed and unexposed subjects to make them representative of the

population of interest. The PS weighting is similar to the approach for survey weighting

(Horvitz & Thompson, 1952). The PS weighting method creates a pseudo-population in

which the distribution of the confounders are balanced across the treatment groups. A

treated subject is assigned a weight of wi = 1
p(xi)

, and an untreated subject is given a

weight of wi =
1

1−p(xi)
. The weighted sample can then be used to estimate the exposure

effect on the outcome. The weighted sample represents subjects of which their exposure is

unconfounded. The inverse probability weights can be defined with respect to the exposure

variable as follows

wi =
Ti
p(xi)

+
(1− Ti)

1− p(xi)
, Ti = 0, 1 (2.10)

Therefore the mean potential outcomes for the treated and control groups can be estimated

using 2.10 as E{ TY
p(x)

} = E{TY1

p(x)
}. Under the consistency assumption, Y1 is observed if

T = 1 and Y0 is observed if T = 0. Therefore, under the strongly ignorability assumption,
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the potential outcomes can be estimated from the observed data by;

E

{
TY

p(x)

}
= E

{
E

[
I(T = 1)Y1

p(x)

∣∣∣∣Y1,X]}
= E

{
Y1
p(x)

E[I(T = 1)|Y1,X]

}
= E

{
Y1
p(x)

P [T = 1|Y1,X]

}
= E

{
Y1
p(x)

P [T = 1|X]

}
= E

{
Y1
p(x)

∗ p(x)
}

= E[Y1]

Denoting the indicator of the treatment T = I(T = 1). The same applies to E{ TY
p(x)

} =

E{TY0

p(x)
} = E[Y0]. Therefore, the average treatment effect using IPW defined by Rosenbaum

and Rubin (1985) is denoted as;

θ̂ipw1 = µ1,ipw − µ0,ipw

= E

[
TY

p(x)
− (1− T )Y

p(x)

]
= E[

TY

p(x)
]− E[

(1− T )Y

p(x)
]

= n−1

n∑
i=1

TiYi

p̂(x)
− n−1

n∑
i=1

(1− Ti)Yi

1− p̂(x)
(2.11)

The weights in 2.11 do not add to one, hence (Lunceford & Davidian, 2004) proposed a

normalised estimator for the average treatment effect where the weights add to one for each
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group as;

E

[
T

p(X)

]
= E

(
E

(
T

p(x)

∣∣X))
= E

(
1

p(x)
E[T |X]

)
= E

(
1

p(x)
P (T |X)

)
= E

(
1

p(x)
P (x)

)
= E(1)

= 1 (2.12)

Equation 2.12 applies for the treated subjects. The same proof given in Equation 2.12

applies for those who untreated E
[

(1−T )
(1−p(X))

]
= 1. Thus, the second version of the IPW

estimator is defined as;

θ̂ipw2 =

(
n∑

i=1

Ti
p̂(X)

)−1 n∑
i=1

TiYi
p̂(X)

−

(
n∑

i=1

(1− Ti)

(1− p̂(X))

)−1 n∑
i=1

(1− Ti)Yi
1− p̂(X)

(2.13)

p̂(X) is estimated using a logistic regression model. The estimators 2.11 and 2.13 are

solutions to the following equations (Lunceford & Davidian, 2004), we denote p(X) as pi;

n∑
i=1

{
Ti(Yi − µ1)

pi

}
+ η1

(
Ti − pi
pi

)
= 0, (2.14)

and

n∑
i=1

{
(1− Ti)(Yi − µ0)

(1− pi)

}
+ η0

(
Ti − pi
(1− pi)

)
= 0 (2.15)

Equation 2.14 and 2.15 are obtained under the assumption that the propensity score is

known and letting (η0, η1) = (µ0, µ1) to obtain θ̂ipw1, while (η0, η1) = (0, 0) to yield θ̂ipw2.
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Robins, Rotnitzky, and Zhao (1994) proposed a new class of estimators based on the

inverse probability weighted estimating equations that are asymptotically normal and un-

biased known as the doubly robust estimator. This weighting estimator attempts to model

the outcome parametrically (Lunceford & Davidian, 2004). The doubly robust variance

estimator for ∆ATE is written as;

θ̂DR =

1

n

n∑
i=1

TiYi − (Ti − p̂i)m1(Xi, α̂1)

p̂i
− 1

n

n∑
i=1

(1− Ti)Yi − (Ti − p̂i)m0(Xi, α̂0)

(1− p̂i)
(2.16)

wherem1(Xi, α̂1) andm0(Xi, α̂0) are the predicted outcomes for the treated (E(Y |T,X))

and untreated (E(Y |(1−T ),X)) groups specified by regression models. The θDR requires

that both the outcome and propensity score model are correctly specified to result in the

smallest large sample variance of any weighting type-estimator (Lunceford & Davidian,

2004).

The variance of the IPW estimators are derived by handling the estimates as solutions to a

set of estimating equations as Hernán and Robins (2020) recommended fitting generalized

estimating equations using the sandwich variance estimator. Lunceford and Davidian

(2004) included the propensity score in the estimating equations and is known to be exact.

Using the theory of M-estimation which implies that for the IPW estimators θ̂, n1/2(θ̂− θ)

converges in distribution to aN(0,Σ) variable. We can show that the large sample variance

of IPW estimators assuming the PS is known is derived as;

Σ∗
ipw1 = E

[
(Y 1)2

p
+

(Y 0)2

1− p

]
− θ̂20 (2.17)
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and

Σ∗
ipw2 = E

[
(Y 1 − µ1)

2

p
+

(Y 0 − µ0)
2

1− p

]
− θ̂20 (2.18)

where θ̂0 is the true value, µ1 = E[Y 1], µ0 = E[Y 0].

Now, assuming that we estimate the propensity scores using the logistic regression model

and we estimate β by maximum likelihood by solving 2.2, therefore, using M-estimators,

the estimator θ̂ipw1 will be;

ϕ(Yi, θ̂) =

 (Y 1)2

p
+ (Y 0)2

1−p

Ti−p
p{1−p}


where p = p(Xi,β). Therefore, the large sample variances of θ̂ipw1 and θ̂ipw2 then become

Σipw1 = Σ∗
ipw1 −HT

β,1E
1
β,βHβ,1, (2.19)

where

Hβ,1 = E

[(
Y 1

p
+

Y 0

1− p

)
pβ

]

Σipw2 = Σ∗
ipw2 −HT

β,2E
1
β,βHβ,2 (2.20)

where

Hβ,2 = E

[(
Y 1 − µ1

p
+
Y 0 − µ0

1− π

)
pβ

]

ΣDR = Σ∗
ipw2 − E

[√
1− p

p
(E[Y1|X]− µ1) +

√
p

1− p
(E[Y0|X]− µ0)

]2
(2.21)

where pβ = ∂
∂β
p(X,β) and Eββ = E

[
pβπ

′
β

p(1−p)

]
. It has been shown that estimating β leads

to a smaller large sample variance than using the true value of β (Lunceford & Davidian,
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2004).

The components in 2.4-2.21 can be estimated using the empirical estimators of An(θ0)

and Bn(θ0). Using these empirical estimates yields the sandwich variance estimator. The

empirical sandwich variance estimators for the IPW estimators are given as;

1

n2

n∑
i=1

Î2i , (2.22)

where

Îipw1,i =
TiYi
p̂i

− (1− Ti)Yi
1− p̂i

− θ̂ipw1 − (Ti − p̂i)Ĥ
′

β,1Ê
−1
β,βXi

Îipw2,i =
Ti(Yi − µ̂1,ipw2)

p̂i
− (1− Ti)(Yi − µ̂0,ipw2)

1− p̂i
− (Ti − p̂i)Ĥ

′

β,2Ê
−1
β,βXi,

ÎDR,i =
TiYi −m1(Xi, α̂1)(Ti − p̂i)

p̂i
− (1− Ti)Yi +m0(Xi, α̂0)(Ti − p̂i)

1− p̂i
− θDR,

where

E−1
β,β =

1

n

n∑
i=1

p̂i(1− p̂i)XiX
′

i,

Ĥβ,1 =
1

n

n∑
i=1

{
TiYi(1− p̂ii)

p̂i
− (1− Ti)Yip̂i

1− p̂i

}
Xi,

Ĥβ,2 =
1

n

n∑
i=1

{
Ti(Yi − µ̂1,ipw2)(1− p̂ii)

p̂i
− (1− Ti)(Yi − µ̂0,ipw2)p̂i

1− p̂i

}
Xi,

2.5 Propensity Score Sub-classification

Stratification on the propensity score, also known as sub-classification on the PS, involves

ranking subjects according to their estimated PS (Cochran, 1968; Austin, 2011). One can

assume that each stratum mimics a randomized situation within which the distributions
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of the measured covariates are balanced in expectation. The number of strata that can

be used can vary. However, five strata are recommended because they can reduce 90%

of bias (Rosenbaum & Rubin, 1984; Lunceford & Davidian, 2004). Supposed we divide

a sample into p groups, where the qth group consists of subjects with propensity scores

falling within a subset Iq = (dq−1, dq]. If the assumption of strongly ignorable treatment

assumption holds, unbiased average treatment effects for T = 0, 1 can be estimated within

each stratum (Rosenbaum & Rubin, 1984),

Ê(yi,1|diϵIq) =
Σi:diϵIq ,Ti=1yi,1

nq1

, Ê(yi,0|diϵIq) =
Σi:diϵIq ,Ti=0yi,0

nq0

(2.23)

Where nq1 and nq0 are the number of subjects in the qth subgroup for the treatment and

control group respectively. So the treatment effect for the qth subgroup an be estimated by

Ê(yi,1|diϵIq)− Ê(yi,0|diϵIq) (2.24)

The overall treatment effect can then be estimated by pooling the estimated effects across

the strata. A common approach is to use the Mantel-Haenszel to pool the effects across

the strata (Kahlert et al., 2017), which can be done using epidemiological packages in

available software. Within each stratum, treated and untreated subjects will have similar

values of the PS. Therefore when the PS has been correctly specified, the distribution of

measured baseline covariate will be approximately identical between treated and untreated

subjects within the same stratum. Studies have shown using Monte Carlo simulation and

empirical examples that matching and inverse probability weighting eliminate systematic

differences between the treated and untreated subjects to a greater degree than stratification

or covariate adjustment. Furthermore, the estimates of the effects after applying PS
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matching and weighting were close to those of randomized control trials (RCTs) (Kurth et

al., 2006).

Most of the propensity score methods have been applied to binary treatment. Imbens

extends Rosenbaum and Rubin’s work to multiple treatments (Imbens, 2000). He defines

the generalized propensity score as the conditional probability of receiving a particular level

of the treatment given the pre-treatment variables (baseline covariates). Extensions of the

generalized propensity score include matching, weighting, and subclassification (Gao,

Zhang, Liang, Sun, & Wang, 2021; Austin, 2018). The following section illustrates the

propensity score matching, weighting, and subclassification on the Malawi Demographic

and Health Survey (MDHS) and the Zambia Demographic and Health Survey (ZDHS)

survey data.

2.6 Application of PS matching and Weighting on Child Health Data

2.6.1 Example 1: Assessing the effect of Maternal HIV on pregnancy outcomes

using cross-sectional data in Malawi

Maternal HIV infection is associated with increased rates of adverse pregnancy outcomes

such as low birth weight (LBW) (weighing less than 2500g at birth) and increased perinatal,

and early neonatal mortality (Dreyfuss et al., 2001; Rollins et al., 2007). Ascertaining the

causal association between maternal HIV infection and birth weight and perinatal mortality

could be conflicted by the association between ART and the outcomes in HIV-infected

mothers. Therefore, the study aimed to assess the effect of maternal HIV infection on birth

weight and perinatal mortality.
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Data were extracted from the 2010 and 2015-16 Malawi Demographic and Health Surveys

(MDHS). The study analyzed data on 4,111 and 4,759 children born to mothers who had

HIV during the respective surveys. The outcome variables of interest were: Birth weight

(grams) and perinatal mortality (0= Alive 1= Dead). The exposure variable of interest

was mothers’ HIV-infection status (0 = HIV negative, 1 = HIV positive). The moderator

variable was ART status among HIV-infected mothers (0 = Not on ART, 1 = On ART)

using the 2010 MDHS.

2.6.1.1 Results on maternal HIV effects on child birth outcomes

Table 2.1 presents results for a comparison of the effect of maternal HIV infection, birth

weight, and perinatal mortality before and after applying the PS methods. Tables that

provide the balance of confounders after matching are shown elsewhere (Twabi et al.,

2020). The results for the 2010 data have shown that maternal HIV infection was negatively

associated with birth weight. Infants of HIV-infected mothers had a lower average birth

weight of -25.3g (95% CI: -95.5, -7.4) than infants of HIV-uninfected mothers.

The 2015-16 results have shown a significant positive association between maternal HIV

infection status and birth weight. Infants of HIV-infected mothers had a higher average

birth weight, 116.3g (95% CI: 27.8, 204.7), than infants of HIV-uninfected mothers. In

addition, a comparison of the odds ratio of perinatal mortality between HIV-infected and

HIV-uninfected mothers showed an increase in perinatal deaths in children born HIV-

infected mothers in 2010. The odds of perinatal mortality were 1.5 times greater among

infants of HIV-infected mothers than infants of HIV-uninfected mothers. However, in

2015, there was no significant difference in perinatal mortality between HIV-infected and
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HIV-uninfected mothers.

Table 2.1: The effect of maternal HIV-infection on birth weight and perinatal mortality

Child Health Outcomes 2010 Child Health Outcomes 2015-16

Birth Weight Perinatal Mortality Birth Weight Perinatal Mortality
Mean.Diff(95% CI) OR(95% CI) Mean.Diff(95% CI) OR(95% CI)

Unadjusted -97.2(-160.4, -34) 1.8(1.2, 2.8) 52.6 (41.6, 125.5) 1.4(0.8, 2.6)
PS matching -149(-324.2,-26.2) 2.4(1.2,4.8) 144.7(40.4,249.1) 1.7(0.8,3.8)
IPW -25.3(-95.5, -7.4) 1.5(1.1, 3.1) 116.3(27.8, 204.7) 1.0(0.4, 1.6)
Subclassification 34.2 (-39.4, 107.9) 1.16 (0.7, 2.0) 86.6 (35.6, 137.6) 0.97 (0.6, 1.7)

Table 2.2 presents results for the effect of maternal HIV infection on birth weight as a

binary outcome. Overall for both datasets, infants born to HIV-infected mothers were more

likely to have low birth weight than those born to HIV-uninfected mothers. A statistically

significant effect was observed for the inverse propensity score weighting only. Using the

IPW, in 2010, children born to HIV-infected mothers were more likely to have a low birth

weight than children born to HIV-uninfected mothers. However, in 2015-16, children born

to HIV-infected mothers were less likely to have a low birth weight as compared to children

born to HIV-uninfected mothers. The IPW had narrower confidence intervals than those

for the standard regression, PS matching, and subclassification methods.

Table 2.2: The effect of maternal HIV-infection on binary child birth weight

2010 MDHS 2015-16 MDHS
OR(95% CI) OR(95% CI)

Adjusted covariates 1.3(0.9,1.7) 1.2(0.8,1.6)
PS matching 1.3(0.9,1.9) 1.0(0.7,1.6)
IPW 1.2(1.0,1.4) 0.9(0.8,0.95)
Subclassification 1.2 (0.9, 1.6) 1.1 (0.8, 1.5)
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2.6.2 Example 2: Association between exclusive breastfeeding and appropriate

complementary feeding and anthropometric measures among infants and young children

in Malawi and Zambia

Child malnutrition has been shown to adversely affect child growth (WHO, 2009). The

WHO recommends exclusive breastfeeding and appropriate complementary feeding as

the optimal infant feeding practice for children under two years of age to ensure good

child growth and development (Dewey, 2003; WHO & UNICEF., 2003; WHO, 2010).

Despite the efforts to implement the policies and guiding principles on infant and young

child feeding, the prevalence of under-nutrition remains high in Malawi as compared to

other Sub-Saharan African (SSA) countries (Government of Malawi & ICF, 2017; WHO,

2017). Although previous studies have assessed child complementary feeding and child

growth in Malawi, including in an HIV context (Vaahtera et al., 2001; Chinkonde, Hem,

& Sundby, 2012; Chintalapudi et al., 2018), these studies used observational data which

are prone to confounder bias, and balancing methods such as the propensity score methods

were rarely used. Therefore, the study aimed to assess the causal association between

appropriate complementary feeding and child growth using statistical tools that control for

confounding. This study provides an understanding of how purported infant and young

child feeding impacts child growth, which in turn provides reliable evidence to policy-

makers

Child data from the 2015-16 Malawian Demographic Health Survey (MDHS) and the 2018

Zambian Demographic and Health Survey (ZDHS) were used. The study analyzed data

on 2059 and 1231 children aged 0-6 months in Malawi and Zambia, respectively, and had

exclusive breastfeeding outcomes. Furthermore, data on 4762 children aged 6 to 24 months
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from the MDHS data and 2784 from the ZDHS data, which had an appropriate complemen-

tary feeding outcome, were analyzed. The exposure variable was exclusive breastfeeding

(0= Exclusive breastfed, 1= Not Exclusive breastfed) and appropriate complementary feed-

ing (CF) categorized as (0= Not appropriate, 1 =Appropriate). The study used the three

most common anthropometric indices of measuring a child’s growth height-for-age z-score

(HAZ), weight-for-height z-score (WHZ) and weight-for-age z-score (WAZ) (De Onis,

Blossner, Organization, et al., 1997).

2.6.2.1 Results on child feeding effects on growth

Table 2.3 presents the effects of exclusive breastfeeding and appropriate complementary

feeding on the binary child growth outcomes before applying the propensity score methods

on the data. Binary estimates for the 2015-16 MDHS showed that exclusively breastfed

children were less likely to be stunted or underweight, and were more likely to be wasted.

However, the association was significant for underweight only. Using the 2018 ZDHS,

there was no significant association between exclusive breastfeeding and the growth mea-

surements. However, children who were provided appropriate complementary foods were

less likely to be underweight or wasted. In Malawi, appropriate complementary feeding

was not associated with the growth measurements.

Table 2.4 present the continuous estimates of EBF and ACF. Using the 2015-16 MDHS, we

observe that children who were exclusively breastfed had an increase in their weight-for-

height z-scores than those who were not exclusively breastfed. On the other hand, children

who were given appropriate complementary foods had increased weight-for-age z-scores

compared to children who were given unhealthy foods. Using the 2018 ZDHS, an increase
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in height-for-age z-scores and weight-for-age z-scores was associated with exclusively

breastfeeding. Additionally, Children who were given appropriate complementary foods

had increased height-for-age z-scores compared to those who had inappropriate foods.

Table 2.3: Adjusted effect of exclusive breastfeeding and appropriate complementary
feeding on binary child growth indicators before matching and IPW

2015-16 MDHS 2018 ZDHS

EBF Appropriate
complementary EBF Appropriate

complementary
OR(95% CI) OR(95% CI) OR(95% CI) OR(95% CI)

Stunting 0.9(0.5,1.7) 1.3(0.5,3.4) 1.4(0.5,3.7) 0.8(0.6,1.2)
Underweight 0.2(0.1,0.7) 0.7(0.4,1.2) 0.9(0.5,1.6) 0.7(0.6,0.9)
Wasted 1.1(0.5,2.2) 0.6(0.3,1.1) 0.4(0.1,1.4) 0.7(0.5,0.8)

Table 2.4: Adjusted effect of exclusive breastfeeding and appropriate complementary
feeding on continuous child growth indicators before matching and IPW

2015-16 MDHS 2018 ZDHS

EBF
Appropriate

complementary
EBF

Appropriate

complementary

Coef.(95% CI) Coef.(95% CI) Coef.(95% CI) Coef.(95% CI)

Height-for-age z-score -0.7(-1.7,0.3) 0.3(-0.01,0.5) 0.2(0.04, 0.4) 0.2(0.02,0.4)

Weight-for-age z-score -0.6(-1.5,0.4) 0.24(0.01,0.47) 0.23(0.1,0.4) 0.03(-0.11,0.2)

Weight-for-height z-score 1.4(0.03,2.9) -0.03(-0.8,0.7) 1.0(-0.03,2.1) -0.1(-0.2,0.1)

After applying the PS methods and estimating the effects using the three PS approaches,

we find that children from Zambia who were exclusively breastfed were less likely to be

stunted using the PS matching and weighting, as shown in Table 2.5. The effects vary

with the PS methods, with the PS weighting providing a higher effect (OR=0.6, (95% CI:

0.4,0.9)) than the PS weighting and subclassification. In addition, the estimates for the PS

matching had narrower confidence intervals. However, there was no association between
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exclusive breastfeeding and underweight and wasting across the PS techniques.

Using the MDHS data, children who were exclusively breastfed had reduced effect of

being underweight and stunted. A statistically significant effect of EBF was observed

for underweight and stunting (OR=0.3, (95% CI: 0.1, 0.7)) using the PS matching and

(OR=0.2, (95% CI: 0.1, 0.5)) inverse PS weighting. The estimates after applying the PS

techniques are in contrast to those obtained before applying the PS methods. We observe

a significant reduction in stunting and underweight for specific PS methods, mostly PS

matching and IPW. Before applying the PS techniques, estimates showed no significant

effect of EBF on underweight and wasting and an increase in wasting among EBF children

For the continuous outcomes, overall for both the MDHS and ZDHS data, children who

were exclusively breastfed had an increase in their height-for-age z-scores as compared

to children who were not exclusively breastfed using PS matching. However, only for

the ZDHS data did exclusive breastfeeding lead to an increase in weight-for-age z-scores.

These findings may signify improved growth in children who were exclusively breastfed.

Table 2.5: Exclusive breastfeeding effect on binary child growth outcomes after applying
PS approaches (MDHS and ZDHS)

2015-16 MDHS 2018 ZDHS

Wasting Underweight Stunting Wasting Underweight Stunting

OR(95%CI) OR(95%CI) OR(95%CI) OR(95%CI) OR(95%CI) OR(95%CI)

PS Matching 0.8(0.3,2.1) 0.3(0.1,0.7) 0.6(0.4,0.9) 1.1(0.4,2.3) 0.6(0.2,1.6) 0.5(0.3,0.8)

IPW 0.6(0.3,1.2) 0.2(0.1,0.5) 0.5(0.3,0.7) 1.1(0.6, 2.3) 0.7(0.3, 1.7) 0.6(0.4, 0.9)

Subclassification 0.5(0.2,1.4) 0.7(0.3,1.5) 0.9(0.5,0.1.7) 0.9(0.5, 1.7) 0.6(0.4, 1.0) 0.8(0.7, 1.2)
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Table 2.6: Exclusive breastfeeding effect on continuous child growth outcomes after PS
Matching and IPW for the MDHS and ZDHS data

2015-16 MDHS 2018 ZDHS

WHZ WAZ HAZ WHZ WAZ HAZ

Coef.(95%CI) Coef.(95%CI) Coef.(95%CI) Coef.(95%CI) Coef.(95%CI) Coef.(95%CI)

PS Matching 0.3(0.05,0.6) 0.2(-0.02,0.4) 0.07(-0.2,0.3) 1.3(0.1,2.4) 0.2(0.1,0.4) 0.1(-0.1,0.3)

IPW 0.3(-0.04,0.6) 0.2(-0.1,0.4) -0.04(-0.4,0.3) 0.1(-1.1,1.1) -0.1(-0.2,0.1) 0.04(-0.2,0.3)

Subclassification 0.1(-0.1,0.2) 0.05(-0.1,0.2) -0.004(-0.2,0.2) 0.04(-0.07,0.2) 0.1(-0.04,0.2) 0.03(-0.1,0.1)

Tables 2.7 presents estimates for the effect of appropriate complementary feeding on wast-

ing, stunting and underweight and Table 2.8 presents estimates for the effect of appropriate

complementary feeding on weight-for-height, height-for-age and weight-for-age z-scores.

The MDHS data showed that children on appropriate complementary feeding were less

likely to be underweight using the inverse PS weighting. A statistically significant ef-

fect was observed for underweight only. For the ZDHS data, children who were given

appropriate complementary foods were less likely to be stunted (OR=0.2, (95% CI:0.1,

0.6)) and underweight (OR=0.8, (95% CI:0.7, 0.9)), using the PS matching, compared to

children who were not given appropriate complementary foods. We note that the appropri-

ate complementary effects before applying the PS methods were either underestimated or

estimated, especially for the effect of ACF on wasting using the ZDHS data. The estimates

for the PS methods were slightly different, with a higher effect observed using the PS

matching and subclassification compared to estimates for the IPW.

For the continuous outcomes, using the PS matching and IPW, children who were appro-

priately complementary fed increased the weight-for-age z-score using the MDHS data.

While, for the ZDHS, across the PS methods, children who were appropriately com-
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plementary fed seemed to have a decrease in their height-for-age, weight-for-age, and

weight-for-height z-scores. However, for both datasets and across all the PS methods, the

effects were not significant.

Table 2.7: Effect of appropriate complementary feeding on binary child growth outcomes
for children aged 6-23 months for the MDHS and ZDHS data

2015-16 MDHS 2018 ZDHS

Wasting Underweight Stunting Wasting Underweight Stunting

OR(95%CI) OR(95%CI) OR(95%CI) OR(95%CI) OR(95%CI) OR(95%CI)

PS Matching 0.9(0.8,1.2) 0.8(0.5,1.4) 0.9(0.6,1.4) 1.1(0.7,1.6) 0.8(0.7,0.9) 0.7(0.6,0.8)

IPW 0.7(0.2,3.0) 0.2(0.1,0.6) 0.4(0.1,2.8) 1.2(0.6, 2.3) 0.8(0.4, 1.6) 0.9(0.4, 0.95)

Subclassification 0.9(0.4,2.6) 0.7(0.4,1.4) 0.8(0.5,1.2) 0.9(0.5, 1.7) 0.6(0.4, 1.0) 0.9(0.7, 1.2)

Table 2.8: Effect of complementary feeding on continuous child growth outcomes for
children aged 6-23 months for the MDHS and ZDHS data

2015-16 MDHS 2018 ZDHS
WHZ WAZ HAZ WHZ WAZ HAZ

Coef.(95%CI) Coef.(95%CI) Coef.(95%CI) Coef.(95%CI) Coef.(95%CI) Coef.(95%CI)

PS Matching -0.1(-0.4,0.2) 0.03(-0.24,0.3) 0.15(-0.22,0.53) -0.1(-0.3,0.1) -0.1(-0.23,0.13) 0.04(-0.2,0.3)
IPW 0.01(-0.2,0.2) 0.15(-0.1,0.4) 0.3(-0.1,0.7) -0.1(-0.2,0.1) -0.02(-0.2,0.2) -0.02(-0.3,0.2)
Subclassification 0.1(-0.2,0.3) 0.17(-0.04,0.4) 0.24(-0.004,0.5) -0.02(-0.1,0.1) -0.02(-0.2,0.1) -0.03(-0.2,0.1)

2.7 Summary

In this chapter, we have reviewed and discussed propensity score methods. Using Demo-

graphic and Health Surveys from Malawi and Zambia, we have illustrated the propensity

score methods on maternal and child health data.

We have found that in Malawi, maternal HIV infection impacts perinatal mortality and

childbirth weight, with children born to HIV mothers being more likely to have low

birth weight and high perinatal mortality using the 2010 MDHS. However, we observe

a significant increase in childbirth weight among children born to HIV-infected mothers
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for the 2015-16 MDHS. This effect may signify the effectiveness of PMTCT intervention

between 2010 and 2015-16 in Malawi. In addition, we found that for the 2015-16 MDHS

and the 2018 ZDHS, exclusive breastfeeding and appropriate complementary feeding result

in a reduction of adverse effects of stunting, wasting and underweight and also result in an

increase in the child growth measurements.

We have observed the importance of applying the PS matching and IPW to control con-

founder bias when estimating the causal effect from observational studies. Before applying

the PS methods, the estimates for the effect of exclusive breastfeeding and appropriate

complementary feeding on the child growth outcomes are either underestimated or over-

estimated and show no significant effect of the exposure. In contrast, the PS methods

improved the power to detect the effects. Estimating the propensity score and its balancing

property is done assuming that there are no unmeasured confounders. Since we cannot

assess the assumption from the data, conducting a sensitivity analysis is essential to assess

how the estimated effect would change if unmeasured confounders were present. For the

examples provided in this chapter, a sensitivity analysis was done, and results are described

elsewhere (Twabi et al., 2020, 2021). It is important to note that all the approaches based

on propensity scores can only address observed measured confounders.

Although a separate analysis of the child growth outcomes was analyzed in this chapter,

since the outcomes characterize the same phenomenon (for example child growth) within

a child, the outcomes are likely to be correlated. The next chapter compares multivariate

methods that assess treatment effectiveness and an application using the child growth data.
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CHAPTER 3 : Marginal Structural Models for repeated measures

outcome data

3.1 Introduction

In the previous chapters, we assessed the causal association from cross-sectional data.

However, to assess causal associations, there is a need for a temporal relationship between

the exposure and the repeated outcome measurements. Longitudinal studies provide the

temporal dependence between the exposure and outcome to estimate the causal effect.

Longitudinal studies provide a problem of the presence of complex confounding such as

those that are time-varying or the past exposure affecting future confounders (treatment-

confounder feedback). Thus, there is a need to adjust for such complex confounding, at

the same time accounting for the temporal dependency between the repeated outcome

measurements. In the presence of time-dependent confounding and exposure history,

standard balancing approaches presented in chapters 1 and 2 would not be sufficient. This

chapter discusses statistical approaches for estimating treatment effects for univariate

longitudinal outcomes. This chapter discusses the Marginal structural model and the

inverse probability weighting estimator and applies the MSM to assess the causal effect

of HIV positivity awareness on condom use and multiple sexual partners.
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The paper Twabi, H. S., Manda, S. O., Small, D. S., & Kohler, H. P. (2022). A marginal

structural model for estimation of the effect of HIV positivity awareness on risky sexual

behaviour. Biostatistics & Epidemiology, 6(2), 309-326. is based on this chapter.

3.2 Notation for repeated measures data

Suppose subject i, i = 1, . . . , n has Mi repeated measurements collected at time k,

k = 1, ...,Mi. For the purpose of this study, we set Mi = M . Assume that at each time

point k = 1, 2, . . . ,M , we observe a time-dependent exposure Tik taking values of Tik = 0

or 1. We assume that exposure is on-going and is not discontinued, hence, once Tik = 1,

then TiM = 1 ∀M > k. Let us also assume that for subject i we observe time-dependent

confounders Xik that may possibly be affected by previous exposures. For each subject i

we denote the exposure and covariate history up to time k by T̄ik = (Ti1, Ti2, . . . , TiM) and

X̄ik = (Xi1, Xi2, . . . , XiM). We let Yik be the observed outcome at time k, and subject i

has a vector of repeated outcomes as Yi = (Yi1, Yi2, . . . , YiM)T . For repeated measures,

sometimes past outcomes may act as confounders on future outcomes and exposures are

included in X̄k.

Potential outcomes are defined for each subject at the k time points to characterize the

causal effects. Robins (1986) generalized the potential outcome framework of Rubin

(1974) for longitudinal data. The potential outcome for subject i at time k for the entire

treatment history t̄k is given as Yik(t̄k) denoting subject i’s outcome Y at time k, had the

subject been exposed t̄k, contrary to the truth. Where t̄k is the potential treatment history.

The observed outcome Yik ≡ Y (T̄ik) when t̄k is equal to the actual exposure received.
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The estimate of interest is the difference in the means of the potential outcomes E[Yk(t̄k)]

between different exposure groups, t̄k, at time k

E[Yi,k(t̄)]− E[Yi,k(0̄)] (3.1)

The average causal effect for repeated measurements can be written in vector notation as;

E[Y⃗(t̄)]− E[Y⃗(0̄)] (3.2)

3.3 Marginal Structural Models (MSMs)

This section provides a detailed description of the MSM and the inverse probability treat-

ment weights used to estimate the causal effects for repeated measures. The marginal

structural model is also known as the model for potential (counterfactual) outcomes

(Robins, 2000) model the mean of the counterfactual outcomes for a given treatment

history. Marginal structural models (MSMs) are causal models designed to adjust for

time-dependent confounding in observational studies with time-varying treatments. In

assessing the effectiveness of a time-varying exposure, the MSM is useful in dealing with

confounding by confounders affected by past exposure (treatment-confounder feedback)

(Robins, 1997). The parameters of an MSM can be consistently estimated by the use of

inverse probability weights (IPW) that create a pseudo-population in which the distribution

of confounders is balanced across the treated and untreated groups.

The marginal structural model is links the mean potential outcome at time k to the function
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of the exposure throughout time k. The model is defined as follows;

E[Yi,k+1(t̄)] = g(h(t̄i,k);β) (3.3)

In matrix notation, equation 3.3 can be written as;



E[Yi1(t̄1)] = g(h(t̄i,0);β)

E[Yi2(t̄2)] = g(h(t̄i,1);β)

...

E[YiM(t̄M)] = g(h(t̄i,M);β)


(3.4)

Where h(t̄) is the function of the exposure history. The function relating the exposure

history to the mean potential outcome is given as g(t̄k;β). Where common functions

of g(t̄k;β) can be additive, multiplicative, exposure differing at different time points or

a specific exposure at a time point k (Hernan et al., 2002). For example, g(t̄k;β) =

β0 + β1tk + β2k, g(t̄k;β) = β0 + β1tk + β2tk−1 + β3k, g(t̄k;β) =
∑M

t=0 βktk, g(t̄k;β) =

β0 + β1cum(t̄k) + β2k, where cum(t̄k) =
∑K

k=1 tk. If the repeated measures Yik are

continuous then equation 3.3 can be written as

E[Yi(k+1)(t̄)] = β1cum(t̄k)

For binary Yi(k+1), equation 3.3 is given as

logit(Pr(Yi(k+1)(t̄) = 1)) = β1cum(t̄k)

The average causal effect for equation 3.3 can be defined as E[Yk(t̄)]−E[Yk(0̄)]. There-

fore, β1 measures the change in the mean outcome caused by addition of the exposure.
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The observed conditional expectation of the repeated measured outcomes E[Yik|T̄k =

t̄k,X] ̸= E[Yik(t̄k)], due to confounding by X̄ik. Even if we adjusted for the observed

covariates for the observed conditional expectation, confounder bias would still be present.

Robins (1999) showed that using the inverse probability of treatment weights, we could

estimate the causal effect β1. A weighted conditional expectation can be used to estimate

the causal effect of the MSM. Robins (1999) showed that with the weights E[1(T̄i =

t̄i)WiYi] = g(t̄;β), where Wi is the weight and will be defined in the subsequent sections.

In the following sections, we describe the assumptions needed to assess the causal effect of

MSM using observational data and inverse probability treatment weights used to estimate

the MSM parameters.

3.3.1 Assumptions for causal identification

In this section, we describe assumptions required to identify the causal effect β from the

observed data. The assumptions are a modification of the strongly ignorable assumptions

presented in chapter 1, section (1.4.1) to account for the time-varying nature of the out-

comes, exposures, and confounders and are known as sequential ignorability assumptions.

The following are sufficient assumptions to identify the causal effect from the MSM for

repeated measures observational data.

Assumption 1: Consistency; Tk = tk implies Yik ≡ Yik(T̄k)

Assumption 2: Positivity; 0 < P(Tk = tk|T̄k−1 = t̄k−1,Xk = xk) < 1

Assumption 3: Sequential exchangeability; Yk(t̄)⨿ T̄k−1|X̄k−1,X0. The assumption states
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that at each time point the exposure is conditionally independent of the potential outcomes.

Exchangeability assumes that the potential outcomes (the hypothetical outcomes under

given exposure levels) are independent of the actual exposure level. For example, in

assessing the effect of awareness of HIV positivity on condom use, then exchangeability

would imply that the potential outcomes are condom use were an individual to be aware of

HIV negativity, and condom use were that same individual to be aware of HIV positivity

(two of these potential outcomes will be counterfactual). Exchangeability would mean

that these potential outcomes are independent of an individual’s actual exposure after

accounting for all the measured confounders, including the exposure history. The positivity

assumption implies that individuals have a non-zero probability of being either in exposure

groups, for all the identified covariates and past exposure history.

3.3.2 Inverse probability treatment weights

The inverse probability of treatment weights (IPTW) is used to control for confounding.

The IPTW is the inverse of the conditional probability of exposure at a specific time t,

given prior exposure status and an individuals covariate history. The IPTW are calculated

for each individual by first estimating the probability, p = P(Tk = 1|T̄k−1, X̄). Under the

assumptions presented in section 3.3.1, Robins (1999) showed that the inverse probability

of treatment weighting (IPTW) could consistently estimate β1 of the MSM in equation 3.3.

The IPTW is the inverse of the conditional probability of the treatment at time k given

the past treatment history, confounder history, and the baseline confounders. For subject

i, the weight under treatment history t̄k, the IPTW are calculated by first estimating the

probability, P (Tk = 1|T̄k−1, X̄) using a multivariable logistic regression model and then
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obtaining a product of their inverses to get the overall weight;

Wik =
M∏
k=1

1

P (Tk = 1|T̄k−1 = t̄k−1, X̄k = x̄k,X1)
(3.5)

Individuals with a small probability of being exposed may obtain a large weight and vice

versa resulting in extreme weights. Extreme weights affect the estimated effects by inflating

the variance and confidence intervals (Chesnaye et al., 2021; Cole et al., 2003). Thus,

extreme weights can be handled through either weight stabilisation or weight truncation

(trimming). Stabilising the weights is achieved by replacing the numerator in (3.5) (which

is 1 in the unstabilized weights) with the probability of exposure given past exposure and

all the baseline confounders (i.e. without time-dependent covariates). The sIPTW are

calculated as follows;

SW t
ik =

M∏
k=1

P (Tk = 1|T̄k−1 = t̄k−1,X0)

P (Tk = 1|T̄k−1 = t̄k−1, X̄k = x̄k,X1)
(3.6)

For observational data, the probability of being treated at time k given past treatment

and the confounder history is unknown and must be estimated. Parametric and non-

parametric approaches have been proposed for estimation. However, the most common

parametric model used is the multivariate logistic regression model applied to each time

point independently (Hernan, Brumback, & Robins, 2000)

P (Tik = 1|T̄i,k−1 = t̄i,k−1, X̄ik) =
M∏
k=1

{1 + exp(−[(Ti,k−1)βk, X̄ik])}

where βk is the unknown coefficient to be estimated which include the causal parameters.

The weights described in (3.5) and (3.6) only control for time-varying confounders and

exposures and are not designed to account for loss-to-follow-up (LTFU). Thus, to control
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for loss-to-follow-up, censoring weights are defined. Let Dt indicate loss-to-follow-up

throughout the study, then Dt = (1 − censored and, 0 − not censored). We denote D̄t =

(D0, D1, . . . , DM) as the LTFU history. We assume no censoring at baseline (D(0) = 0).

The weights for censoring were obtained by estimating the probability of remaining in the

study (uncensored) at time t + 1 conditional on being uncensored in the past (t) and the

observed confounders. The weights for LTFU are given as;

SW d
ik =

M∏
k=1

P (Dk+1 = 0|D̄k = 0, T̄k = t̄k)

P (Dk+1 = 0|D̄k = 0, T̄k = t̄k, X̄k = x̄k)
(3.7)

The final weight for subject i is calculated as a product of the stabilized inverse probability

weights and the censoring weights at each time point k.

SWik = SW t
ik × SW

(
ikd) (3.8)

3.3.3 Estimation

Under the assumptions stated in section 3.3.1, Robins, Hernan, and Brumback (2000)

showed that a consistent estimator of β is a solution to the estimating equations of the

form;

n∑
i=1

DT
i (β)V

−1SWik(Yi − µi(β)) = 0 (3.9)

which is basically a weighted generalized estimating equation (GEE) with time-specific

weights SWik. For Yi = (Yi1, . . . , YiK), Di(β) =
∂µi(β)
∂β

, µi(β) = (g(Ti1,X, β), . . . ,

g(T̄iM ,X, β))T , SWi is the diagonal matrix of weights SWik. and V−1is the working
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covariance matrix as

V = A
1
2R(α)A

1
2 (3.10)

where R(α) is a M × M working correlation matrix fully specified by the unknown

correlation parameter α. For repeated measurements, the standard correlation structures

for R(α) can be assumed as exchangeable, unstructured and autoregressive with order one

(AR(1)). For the exchangeable correlation structure we have

Corr(yik, yik′ ) = α∀, k ̸= k
′ then

R =


1, k = k

′

α, k ̸= k
′

For the unstructured correlation structure we have

Corr(yik, yik′ ) = αkk′ , ∀k ̸= k
′ then

R =


1, k = k

′

αkk′ , k ̸= k
′

For the auto-regressive correlation structure of order one we have

Corr(yik, yik′ ) = α|k−k
′ |, ∀k ̸= k

′ then

R =


1, k = k

′

α|k−k
′ |, k ̸= k

′

A convenient choice for the working correlation structure is the working independence

correlation (Hernan et al., 2002). However, one may also consider applying the exchange-
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able working correlation, and AR(1) working correlation between repeated measurements

within a subject.

It can be shown that the inverse probability weighting estimates the causal parameters of

the marginal structural model. For example, for exposure measured at two time points T1

and T2, E[Yt1,t2 ] is equal to the expectation of the observed outcome Y conditional on past

treatment and covariate history. Following (Naimi, Cole, & Kennedy, 2017) we have;

E[Yt1,t2 ] = E

[
I(T1 = t1, T2 = t2)Y

P (T2 = t2|X, T1 = t1)P (T1 = t1)

]

E

[
E

(
I(T1 = t1, T2 = t2)Y

P (T2 = t2|X, T1 = t1)P (T1 = t1)
|T1 = t1,X, T2 = t2

)]

E

[
I(T1 = t1, T2 = t2)E(Y |T1 = t1,X, T1 = t1)

P (T2 = t2|X, T1 = t1)P (T1 = t1)

]

E

[
I(T1 = t1)E(Y |T1 = t1,X, T2 = t2)

P (T1 = t1)

]

E

[
I(T1 = t1)E [E(Y |T1 = t1,X, T2 = t2)|T1 = t1]

P (T1 = t1)

]

E [E(Y |T1 = t1,X, T2 = t2)|T1 = t1]

E[Yt1,t2 ] = E [E(Y |T1 = t1,X, T2 = t2)] (3.11)
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The proofs falls under the consistency Yk(t̄) = Yk for k = 1, 2, iterated expectations,

positivity and exchangeability assumptions.

When g(.) of equation 3.3 is the identity link function then the equation 3.9 reduces to the

weighted least squares. Robins (1999) showed that for the stabilized inverse probability

weights 3.6, the equation is consistent for

E[U(β)] = 0

E
[ n∑

i=1

DT
i (β)V

−1SWi(Yi − µi(β))

]
= 0

3.4 Motivating Example

Risky sexual behaviour such as premarital sex, multiple sexual partners, and unprotected

sex has been shown to be major contributors to new HIV infections and account for the high

HIV transmission in sub-Saharan Africa (Machira, Maonga, & Chirwa, 2020; UNAIDS,

2015; Wondemagegn & Berkessa, 2020; Ortblad et al., 2019). With the increase in

programs that promote HIV testing and HIV status awareness, research interest is now

shifting to assess the effect of HIV status awareness on risky sexual behaviour (Palk &

Blower, 2018; Adaralegbe, Adeoti, Ogbonda, Egeolu, & Ukoha, 2021; Rosenberg et al.,

2017). Most of the empirical evidence on the association between awareness of HIV status

and risky sexual behaviour comes from using cross-sectional studies (Bunnell et al., 2008;

Guiella & Madise, 2007; Huerga et al., 2017; Ventura-Filipe & Newman, 1998), which

could be limited as the exposure and outcome are observed simultaneously. Longitudinal

studies provide the temporal dependence between the exposure and outcome to estimate
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the causal effect. Thus, we need awareness of HIV status (exposure) to precede sexual

behaviour (outcome) to estimate the causal effect correctly. We used the MSM approach

on data from the Malawi Longitudinal Study of Families and Health (MLSFH) to estimate

the causal effect of HIV positivity awareness on condom use and multiple sexual partners.

3.4.1 Application on The Malawi Longitudinal Study of Families and Health

(MLSFH)

The Malawi Longitudinal Study of Families and Health (MLSFH) which collects socio-

economic, family dynamics and health information including HIV for up to 4000 couples

in the 120 villages across the three districts were used (H.-P. Kohler et al., 2014; Baranov

& Kohler, 2018; I. Kohler et al., 2020) . For this paper, 2540 individuals enrolled in 2004

and followed up at eight time points namely; 2006, 2008, 2010, 2012, 2013, 2017, 2018,

and 2019 were studied.

3.4.2 Exposure variable

This study concentrated on individuals who were aware of their HIV test results. In

each year, awareness of HIV positivity was defined as an individual’s knowledge of their

positive HIV test result. Over the entire period from 2004 to 2019, the cumulative measure

of awareness of an individual’s HIV positivity was measured as the number of times the

individual was aware of their positive HIV test result.
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3.4.3 Outcome variable(s)

In this study, risky sexual behaviour was measured by the number of sexual partners and

condom use at last sex. Condom use at last sex was categorised as 1 (=Yes) of 0 (=No)

and for number of sexual partners, it was 1 (≥ 2) or 0 (if 0, 1)

3.4.3.1 Confounders

The following predictor variables were considered as baseline confounders: region, reli-

gion, wealth, given an incentive to collect HIV test results, distance to HIV testing and

counselling (HTC) centres, perceived risk of HIV infection, gender, and comprehensive

HIV knowledge. Age in years and education level (0 to 12 years) were considered as

time-varying confounders. Figure 1 illustrates this relationship.

Figure 3.1: Directed Acyclic Graph (DAG) on HIV status awareness on multiple sexual
partners for three time periods where X0 denotes the baseline confounders. Source:
Researcher (2023)
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3.4.4 Description of the data

Table 3.1 presents a description of the data for the five MLSFH waves from 2004 to 2019.

We present the HIV sample observed and the total sample reported by (H.-P. Kohler et

al., 2014). The percentage of the sample is based on the total observed sample. In 2004,

the total sample was 4094 for both ever married and never-married individuals. The total

sample representing those who were tested for HIV was 2894 in the year 2004 resulting in

a percentage of 70.7%. The percentage validity of those tested for HIV decreased across

the years. The HIV data for the year 2010 comprise those who were followed from the year

2004 (original sample of 2004) and not exactly based on those who had an HIV test result,

as HIV testing was not conducted in 2010 due to the low HIV incidence in the MLSFH

data (H.-P. Kohler et al., 2014).

Table 3.1: Sample by wave for MLSFH participants

Wave HIV sample Sample collected

2004 2540 4094

2006 1682 4980

2008 1530 6376

2010 1500 6331

2012 664 1266

2013 663 1257

2017 893 1606

2018 893 1626

2019 729 2865
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3.4.5 Estimation of HIV-status awareness effect

We modeled the effect of HIV positivity awareness on the outcomes over time k using the

following model;

logitP (Yk+1 = 1|T̄k = t̄k) = β0 + β1

9∑
k=1

At (3.12)

Where β0 is the unknown intercept, β1 is the estimated effect of cumulative awareness

of HIV positivity (
∑9

k=1At) compared to HIV negativity awareness on reducing multiple

sexual partners or increase condom use over time, as a hypothesis. Equation 3.12 assumes

that each additional period of awareness of HIV status has an additive effect (the effect

over time) on change in condom use and multiple sexual partners

The effects of HIV positivity awareness on condom use and having multiple sexual partners

were estimated using a weighted (IPTW) marginal model (Hernan et al., 2002). With the

weights, the distribution of the confounders of the analytical sample across the known

HIV-status awareness groups were comparable, mimicking a randomized control trial.

The weights were calculated using the IPW package in R (van der Wal, Geskus, et al.,

2011) and the outcome models were fitted using the geepack package in R (Højsgaard,

Halekoh, & Yan, 2006). We considered an AR(1) working correlation structure, Ri(α) =

α|k−k
′ | to estimate the causal parameters. Robust standard errors were calculated using the

sandwich variance estimator to account for the repeated measurements. Studies have shown

that the exchangeable correlation structures produce biased estimates (Keogh, Daniel,

Vanderweele, & Vansteelandt, 2017; Sullivan Pepe & Anderson, 1994). This mainly

occurs when the past outcome affects future exposures which is the case for our example
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as shown in Figure (3.1). The weighted models were compared to the unweighted model

to assess the potential impact of time-dependent confounding on the estimated effect of

HIV-status awareness on the outcomes.

The stabilised inverse probability treatment weights (sIPTW) were used to control for

confounding. The sIPTW were calculated as

SW a
i (t) =

9∏
k=1

P (Ak = 1|Āk−1 = āk−1,X1)

P (Ak = 1|Āk−1 = āk−1, X̄k = x̄k,X1)
(3.13)

We calculated censoring weights by considering individuals who refused to participate,

were dead, moved out or not eligible to participate in the MLSFH study as censored while

individuals who were temporarily absent were uncensored. Denote D̄t = (D1, D2, . . . , D9)

as the loss-to-follow-up history with the assumption of no censoring at baseline (D(1) = 0),

the censoring weights were calculated as follows

SW d
i (t) =

0∏
k=1

P (Dk = 0|D̄k−1 = 0, Āk = āk)

P (Dk = 0|D̄k−1 = 0, Āk = āk, X̄k = x̄k)
(3.14)

The final weights used in estimating the causal parameters was calculated as a product of

the stabilised and censoring weights.

3.4.6 Sensitivity Analysis

The estimation of the causal effect of model 3.12 is done under the strongly ignorable

assumption (particularly, no unmeasured confounder assumption) in estimating the causal

effect of HIV positivity awareness on condom use and multiple sexual partners. However,
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the assumption of no unmeasured confounders cannot be tested, and the IPTW is limited

in that it cannot control for the unmeasured confounders. There is a possibility that the

unobserved confounders are associated with the exposure, and the outcomes which may

bias the estimated effects. The magnitude of bias due to unmeasured confounding may

vary and can be either large or small. If the bias is small, the estimates may not change

due to unmeasured confounders. However, if the bias is significant, the estimates may be

affected. Hypothetical confounders that may have been measured such as disclosure of a

partner’s status, knowledge of a partner’s HIV status, attitudes towards condom use may

be associated with condom use, and alcohol use may be associated with multiple sexual

partners. Therefore, an important approach of evaluating for causation when dealing

with unmeasured confounding is to conduct a sensitivity analysis. There are several

approaches of conducting a sensitivity analysis, either using a Mantel Haenszel test or

McNemars test (for matched pairs) to identify the strength of association between the

unobserved confounders and the exposure that would render the causal association non-

causal (Rosenbaum, 2002). Another sensitivity analysis measure is known as the E-

value which implies ”evidence for causality” (VanderWeele & Ding, 2017; Mathur, Ding,

Riddell, & VanderWeele, 2018). The E-value measures the minimum association of

unmeasured confounders on the observed exposure-outcome relationship. It measures

how strong a confounding factor would have to be to explain away the observed association

between exposure and outcome. The higher the E-value, the greater the magnitude of

the unmeasured confounder required to render the estimated treatment exposure effects

non-significant. The E-value increases as the strength of the unmeasured confounder(s)

that could explain away the observed association increases, indicating that a higher E-value

is associated with a more robust association.
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We assessed the strength of association between the unmeasured confounder(s) and the

exposure and the outcome that would shift the observed causal effect towards the null

(non-causal association) using the E-value approach.

3.5 Results

The distribution of awareness of HIV status by year of collection is shown in Table 3.2.

A majority (92.8%) of the individuals were HIV negative while 183 (7.2%) were HIV

positive. In 2004, more than half of those who were HIV positive (62.8%) were aware of

their HIV positivity while 68 (37.2%) were unaware of their HIV positive status. Awareness

of HIV positivity increased over time among those who were HIV positive, with a majority

of individuals in 2006 (96.8%) and 2008 (97.4%) being aware of their HIV positivity. All

the individuals who were HIV positive in 2010 and 2012 were aware of their HIV positive

status. In 2017 and 2018, 73 individuals who were HIV positive were aware of their HIV

positivity status. In subsequent years from 2004, awareness of HIV positivity increased.
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Table 3.2: Distribution of HIV status awareness by wave

Awareness of HIV status

HIV positivity

(N=183 (7.2%))

HIV negativity

(N=2357 (92.8%))

Yes No Subtotal Yes No Subtotal Total

Year

2004 115 (62.8%) 68 (37.2%) 183 1626 (69.0%) 731 (31.0%) 2357 2540

2006 91 (96.8%) 3 (3.2%) 94 1568 (98.7%) 20 (1.3%) 1588 1682

2008 74 (97.4%) 2 (2.6%) 76 1448 (99.6%) 6 (0.4%) 1454 1530

2010 74 (97.4%) 2 (2.6%) 76 1418 (99.6%) 6 (0.4%) 1424 1500

2012 42 (100%) 0 (0.0%) 42 607 (97.6%) 15 (2.4%) 612 664

2013 42 (100%) 0 (0.0%) 42 606 (97.6%) 15 (2.4%) 621 663

2017 73 (98.6%) 1 (1.4%) 74 819 (100%) 0 (0.0%) 819 893

2018 73 (98.6%) 1 (1.4%) 74 819 (100%) 0 (0.0%) 819 893

2019 58 (100%) 0 (0.0%) 58 671 (100%) 0 (0.0%) 671 729

Table 3.3 presents the distribution of baseline characteristics for the individuals by aware-

ness of HIV status and their respective associations. Out of the 115 individuals aware

of their HIV positivity status, 67 (58.3%) were females, 48 (41.7%) were males, and 83

(72.2%) were aged 15-44 years. A majority of the individuals where from the central

region of Malawi (44.4%), and 76.5% had some education. A majority of those who

were not aware of their positive HIV status were female (61.8%), were from medium or

rich households (69.6%), resided in the central region (31 (45.6%)) of Malawi, and were

Christian (48.6%). Religion, having received an incentive, and region were all signifi-

cantly associated with awareness of HIV status. We also observed an association between

HIV status awareness and condom use and multiple sexual partners. At baseline, among
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individuals who were aware of their positive HIV status, 26.1% had used a condom during

their last sex, and 80.8% had multiple sexual partners.

The study had individual dropouts either due to death, migration, or not being eligible to

participate. Thus, the distribution of the purported confounders differed by loss-to-follow-

up (LTFU) for the succeeding year of 2004 was assessed, and the findings are presented

in Table 3.4. The findings show differences in distribution between the LTFU levels

among some of the measured confounders; hence, we controlled for loss-to-follow-up in

the analysis.
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Table 3.3: Distribution of baseline characteristics by HIV status awareness of study par-
ticipants in the MLSFH for year 2004

Awareness of HIV status
HIV positivity HIV negativity p-value

Total (n=1741) 115 (6.6%) 1626 (93.4%)

Gender
Women 67 (58.3) 870 (53.5%)
Men 48 (41.7%) 756 (46.5%) 0.323
Age category
15-44 years 83 (72.2%) 1182 (72.7%)
45 years above 32 (27.8%) 444 (27.3%) 0.525
Wealth
Poor 45 (45%) 547 (41.9%)
Medium/rich 55 (55.0%) 759 (58.1%) 0.543
Education
None 23 (23.5%) 355 (24.8%)
Some education 75 (76.5%) 1076 (75.2%) 0.766
Religion
Christian 53 (48.6%) 859 (55.4%)
Muslim or other 56 (51.4%) 677 (44.1%) 0.043
Incentive
No 34 (45.9%) 482 (48.5%)
Yes 40 (54.1%) 512 (51.5%) 0.044
Region
North 43 (37.4%) 536 (32.9%)
Central 51 (44.4%) 600 (36.9%)
South 21 (18.3%) 490 (30.2%) 0.025
Condom Use
No 68 (73.9%) 1001 (74.5%)
Yes 24 (26.1%) 342 (25.5%) 0.895
Multiple partners
No 20 (19.2%) 535 (39.1%)
Yes 84 (80.8%) 832 (60.9%) <0.001
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Table 3.4: Distribution of characteristics by loss-to-follow-up in the MLSFH in 2006

Loss-to-follow-up (LTFU)

Yes No p-value

HIV awareness

HIV positivity 72 (90.0) 1306 (94.8%)

HIV-negativity 8 (10.0%) 72 (5.2%) 0.068

Gender

Female 54 (67.5) 905 (65.7%)

Male 26 (32.5%) 474 (34.3%) 0.738

Age category

14-44 years 61 (76.3%) 964 (69.9%)

45 years above 19 (23.8%) 414 (30.0%) 0.231

Wealth

Poor 24 (30%) 503 (36.5%)

Medium/rich 56 (70.0%) 875 (63.5%) 0.239

Education

None 15 (18.8%) 321 (23.3%)

Primary 57 (71.3%) 912 (66.2%)

Secondary/Tertiary 8 (10.0%) 145 (10.5%) 0.610

Religion

Christian 47 (58.8%) 789 (57.3%)

Muslim or other 33 (41.3%) 589 (42.7%) 0.097

Region

North 44 (55.0%) 281 (20.4%)

Central 17 (21.3%) 531 (38.5%)

South 19 (23.8%) 566 (41.1%) <0.001
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The distributions of the weights used for the MSM are shown in Figure 3.2 (Distribution

of the log of non-stabilized and stabilized weights) for several follow-up times. The

weights are presented as a logarithmic form for display purposes. The unstabilized weights

produced a skewed distribution with extreme weights.

Figure 3.2: Distribution of the log of unstabilized, stabilized and censoring weights.
Source: Researcher(2023)
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We obtained the IPTWs by taking the product of the inverse probability treatment weights

at each time point. The final weights was a product of the stabilized weights and the

censoring weights. Table 3.5 presents the distribution of the unstabilised, stabilized and

loss-to-follow-up weights. The unstabilised weights had a mean of 0.89, a median of 0.88, a

standard deviation of 0.5, and an inter-quartile range of (0.81, 0.95). The maximum weight

was 16.4, implying that an individual with the largest weight contributed about 16 people

to the pseudo-population. The unstabilized weights had a huge variability across the time

points, see Figure 3.2. Conversely, the stabilized weights had a median and mean centred

at 1.0 across all time points, as shown in Figure 2b. The range narrowed to a minimum

of 0.99 and a maximum of 1.00. The maximum weight was 1.2, which corresponded to

a contribution of 1 person to the pseudo-population. The LTFU weights had a mean of

0.99 and median of 0.99 and ranged between 0.95 and 1.03, see Figure 3.2. The stabilized

weights were less variable (SD=0.01) and its mean and median were centered around 1.0

as required, compared to the LTFU and the unstabilised weights.

Table 3.5: Distribution of inverse probability weights

Weights Mean (SD) Median Interquartile range Min Max

Unstabilized 0.89 (0.5) 0.88 (0.81, 0.95) 0.0 16.40

Stabilized 1.0 (0.01) 1.0 (0.99, 1.00) 0.8 1.2

Censoring 0.99 (0.18) 0.99 (0.95, 1.03) 0.16 5.97

3.5.1 Confounder balance after weighting

From Figures 3.3 and 3.4, some the baseline confounders such as region, age and incentive

were not balanced between HIV status awareness. After weighting, the standardized
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difference for the confounders were closer to zero, signifying balance of the confounders

between the exposure groups.

Figure 3.3: Covariate balance at baseline. Source: Researcher (2023)
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Figure 3.4: Confounder balance across two time points 11. Source: Researcher (2023)

3.5.2 Effect of HIV status awareness on risky sexual behaviour

A weighted (IPTW) marginal logistic regression model was used to estimate the awareness

of HIV positivity effects. The weights were calculated using the IPW package (van der Wal

et al., 2011). For modelling repeated multiple partners and condom use measurements,

independent and AR(1) working correlation matrices were assumed and we estimated the

variance using ”robust” standard errors using the the geepack package in R (Højsgaard

et al., 2006). An independent working correlation matrix was used in our analyses because

1aware 0 - Awareness at baseline, edn yr 1 - Years of Education (2006),age cont 1 - Age in years (2006)
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other correlation structures defined using the generalized estimating equations (GEEs) have

been shown to produce biased treatment effect estimates when past outcomes affect future

exposures (in our example having multiple sexual partners may influence an individuals

decision to know their HIV positivity) (Keogh et al., 2017; Sullivan Pepe & Anderson,

1994). The weighted models were compared to the estimated treatment effects obtained

from the standard multivariable binary logistic model were we also adjusted for the effect

of year.

3.5.2.1 Standard multivariable logistic regression model

Table 3.6 presents the odds ratio for the association between awareness of HIV positivity

and condom use or multiple sexual partners. Condom use was significantly associated with

awareness of HIV positivity (OR: 2.30; 95% CI=(1.82, 2.90)), (Table 3.6a). Addition-

ally, men (OR: 1.72; 95% CI=(1.50, 1.97)); individuals with a primary (OR: 1.32; 95%

CI=(1.08, 1.62)) and secondary education (OR: 1.73; 95% CI=(1.31, 2.29)); individuals

from medium or rich households (OR: 1.16; 95% CI=(1.02, 1.32)) and those from the

southern region (OR: 2.12; 95% CI=(1.34, 3.37)) were more likely to use condoms.

Table 3.6b presents the association between multiple sexual partners and awareness of HIV

positivity adjusting for the measured confounders. Individuals aware of HIV positivity

were more likely to have multiple partners (OR: 1.52; 95% CI=(1.17, 1.98)). Men were

more likely to have multiple partners than women (OR: 3.11; 95% CI=(2.67, 3.62)). On

the other hand, individuals from medium or rich households (OR: 0.81; 95% CI=(0.71,

0.93)) were less likely to have multiple sexual partners. In addition, over time individuals

were less likely to have multiple partners (OR: 0.71; 95% CI=(0.68, 0.75)).
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Table 3.6: Effect estimates (Odds ratios, (95% confidence Interval)) using standard multi-
variable logistic model

(a) Condom Use

Covariates Odds ratio 95% Conf. Int.

Intercept 1.62 (1.23, 2.14)

HIV aware (HIV negativity vs HIV positivity) 2.30 (1.82, 2.90)

Gender (women vs men) 1.72 (1.50, 1.97)

Age (in years) 0.43 (0.37, 0.50)

Wealth (poor vs medium/rich) 1.16 (1.02, 1.32)

Education (none vs primary) 1.32 (1.08, 1.62)

Education (none vs secondary/Tertiary) 1.73 (1.31, 2.29)

Religion (Muslim or other vs Christian) 1.02 (0.88, 1.18)

Region (North vs Central) 0.99 (0.74, 1.32)

Region (North vs South) 2.12 (1.34, 3.37)

Year 0.99 (0.96, 1.02)

(b) Multiple Sexual Partners

Covariates Odds ratio 95% Conf. Int.

Intercept 0.31 (0.23, 0.42)

HIV aware (HIV-negativity vs HIV positivity) 1.52 (1.17, 1.98)

Gender (women vs men) 3.11 (2.67, 3.62)

Age (in years) 1.00 (0.99, 1.01)

Wealth (poor vs medium/rich) 0.81 (0.71, 0.93)

Education (none vs primary) 1.07 (0.89, 1.30)

Education (none vs secondary/Tertiary) 0.88 (0.62, 1.25)

Religion (Muslim or other vs Christian) 1.16 (0.98, 1.37)

Region (North vs Central 1.22 (0.90, 1.68)

Region (North vs South) 0.95 (0.56, 1.63)

Year 0.71 (0.68, 0.75)

95% Conf. Int. - 95% Confidence Interval
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3.5.2.2 Marginal structural model

Both the unstabilised and stabilised weights were used to fit the MSM model. Only the

results for the stabilised weights are reported (see, Table 3.7) as the distribution of the

weights were more stable (the results for the unstabilised weights are reported in Table 1

in the Appendix). In using the MSM, the higher the number of times a person was aware

of their HIV positivity resulted in an increase in condom use (OR: 2.22; 95% CI=(1.79,

2.75)) compared to those individuals aware of HIV negativity (see Table 3.7a). However,

the cumulative effect of awareness of HIV positivity on multiple sexual partners was not

significant (OR: 1.06; 95% CI=(0.83, 1.35)) (see Table 3.7b).

Based on the results, the standard logistic regression model showed an increased effect

on multiple sexual partners. On the other hand, the MSM produced a decreased effect

of the multiple sexual partner estimates. From the findings, the unstabilised weighted

model produced treatment effect estimates with wider confidence intervals implying large

standard errors due to the high variability in the weights, unlike the estimated treatment

effects from the stabilized weighted model.
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Table 3.7: Effect Estimates of awareness of HIV positivity on risky sexual behavior using
stabilized weights

(a) Condom Use

Odds ratio 95% CI p-value

Intercept 0.11 (0.10, 0.14) <0.001

HIV negativity 1.00 - -

HIV positivity 2.22 (1.79, 2.75) <0.001

(b) Multiple Sexual Partners

Odds ratio 95% CI p-value

Intercept 0.24 (0.21, 0.27) <0.001

HIV negativity 1.00 - -

HIV positivity 0.96 (0.83, 1.35) 0.63

-We controlled for the following confounders: gender; wealth; age; education;

time (wave); religion, comprehensive HIV knowledge; distance to VCT;

received an incentive; region.

-95% CI = 95% Confidence Interval

3.5.2.3 The effect of awareness of HIV positivity status by gender

The effect of awareness of HIV positivity on condom use and multiple sexual partners was

further stratified by gender (Table 3.8). Both men (OR= 2.32; 95% CI:(1.66, 3.24)) and

women (OR= 2.24; 95% CI:(1.70, 2.95)) with a higher number of times aware of their HIV

positivity were more likely to use condoms (Table 3.8a). However, only the women aware

of their HIV positivity were more likely to have multiple sexual partners (OR= 1.76; 95%

CI:(1.36, 2.28)) (Table 3.8b).
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Further assessing the effect of condom use on multiple sexual partners and vice versa

stratified by gender showed that men (OR= 1.45; 95% CI:(1.19, 1.76)) and women (OR=

1.29; 95% CI:(1.02, 1.63)) who had multiple sexual partners were more likely to use

condoms (Table 3.8a). Similarly, men (OR= 1.41; 95% CI:(1.18, 1.67)) and women (OR=

1.28; 95% CI:(1.01, 1.62)) who used condoms were more likely to have multiple partners

(Table 3.8b). This may imply the possible correlation between the risky sexual behaviour

outcomes.
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Table 3.8: Effect estimates of awareness of HIV positivity by gender

(a) Condom Use

Men Women

Odds ratio 95% CI Odds ratio 95% CI

Intercept 0.19 (0.14, 0.26) 0.10 (0.07, 0.11)

Awareness

HIV negativity 1.00 - 1.00 -

HIV positivity 2.32 (1.66, 3.24) 2.24 (1.70, 2.95)

Multiple partners

No 1.00 - 1.00 -

Yes 1.45 (1.19, 1.76) 1.29 (1.02, 1.63)

(b) Multiple Sexual Partners

Men Women

Odds ratio 95% CI Odds ratio 95% CI

Intercept 0.60 (0.46, 0.77) 0.14 (0.12, 0.17)

Awareness

HIV negativity 1.00 - 1.00 -

HIV positivity 0.76 (0.49, 1.18) 1.76 (1.36, 2.28)

Condom use

No 1.00 - 1.00 -

Yes 1.41 (1.18, 1.67) 1.28 (1.01, 1.62)

95% CI - 95% Confidence Interval
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3.6 The effect of HIV status awareness on marital status

In addition to HIV status awareness affecting risky sexual behaviour, it also affects marriage

dissolution (Reniers & Armbruster, 2012; Anglewicz & Reniers, 2014; Fedor, Kohler, &

Behrman, 2015). While marriage dissolution among HIV-infected individuals may reduce

HIV transmission, women are more likely to suffer in such circumstances, particularly

among those from poor households (Porter et al., 2004). Therefore, we further assessed

the effect of HIV positivity awareness on marital status. Table 3.10 presents the results of

the effects. Regardless of HIV status, individuals were less likely to remain married over

time. Individuals who were aware of their HIV positivity status were 32% less likely to be

still married than those who were aware of their HIV negativity status.

Table 3.9: Effect of HIV status awareness on marriage

Covariates Odds ratio 95% Conf. Int.

Intercept 0.31 (0.23, 0.42)

HIV aware (HIV-negativity vs HIV positivity) 0.57 (0.43, 0.77)

Gender (women vs men) 1.43 (1.18, 1.72)

Age (in years) 1.00 (0.99, 1.01)

Wealth (poor vs medium/rich) 1.48 (1.30, 1.68)

Education (none vs primary) 1.07 (0.89, 1.30)

Education (none vs secondary/Tertiary) 0.88 (0.62, 1.25)

Religion (Muslim or other vs Christian) 1.16 (0.98, 1.37)

Region (North vs Central 1.17 (0.93, 1.47)

Region (North vs South) 1.26 (1.00, 1.59)

Year 0.71 (0.68, 0.75)
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Table 3.10: The effect of knowledge of HIV status on marriage outcomes over time

Married

Weight type HIV awareness Odds ratio (95% CI)

Unstabilized weights HIV negativity 1.00

HIV positivity 0.66 (0.36, 1.21)

Stabilized weights HIV negativity 1.00

HIV positivity 0.62 (0.46, 0.83)

Table 3.11 presents HIV status awareness effect on marital stability dis-aggregated by

gender. Both men and women who were aware of their positive HIV status were less

likely to remain married (OR:0.68; 95% CI:0.13, 3.58) and (OR: 0.23; 95% CI:0.13, 0.42),

respectively, as compared to men and women who were not aware of their negative HIV

status.

Table 3.11: HIV status awareness effect on marriage by gender

Married

Odds ratio (95% CI)

Males HIV negativity 1.00

HIV positivity 0.89 (0.45, 1.76)

Females HIV negativity 1.00

HIV positivity 0.53 (0.39, 0.73)
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3.7 Sensitivity analysis

Table 3.12 present the calculated E-values for the estimates presented in Table 3.7. It was

found that the effect on multiple sexual partners could have been affected greatly with a

smaller impact of unmeasured confounders, but a larger impact could have been required

to alter the effect on condom use. Therefore, the effect of awareness of HIV positivity on

condom use was robust to unmeasured confounders While the estimated treatment effect

on multiple sexual partners were more likely to be affected by unmeasured confounders.

Additionally, we conducted a sensitivity analysis to assess the influence of each of the

confounders on the estimated HIV positivity awareness effect. The sensitivity analysis was

done by calculating the weights while dropping some variables and obtaining the effect.

From Figure 3.5, if all confounders were not included in the weights, then the effect would

change in the direction of a no effect. However, not much change in the effect was observed

if the individual variables were dropped.

Table 3.12: E-value parameters calculated as a function of the
adjusted odds ratio (OR) for the effect of a positive HIV status
awareness on the outcomes

Condom use Multiple sexual partners

Awareness Estimate (LL of CI) Estimate (LL of CI)

HIV positivity 3.87 (2.98;) 1.31 (1.00;)

LL of CI - Lower limit of confidence Interval
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Figure 3.5: Influence of the confounders on the estimated effect. Source: Researcher
(2023)

Overall from the results, we observe that the standard logistic model either underestimated

or overestimated the effect of HIV status awareness on condom use and multiple sexual

partners and marriage compared to estimates obtained from the model using the stabilized

inverse probability weights. In addition, the unstabilized weighted model produced esti-

mates with slightly wider confidence intervals implying large standard errors due to the

high variability in the weights, unlike the stabilized weighted model.
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3.8 Summary

This chapter has reviewed the Marginal Structural Model for repeated measured outcomes.

We have applied an MSM to estimate the causal effect of HIV positivity awareness on

condom use and multiple sexual partners and on marital dissolution using the Malawi

Longitudinal Study of Families and Health (MLSFH). The findings have shown that HIV

positivity awareness resulted an increased condom use. The results have further shown that

awareness of HIV positivity led to an increase in marriage dissolution. We also found that

among women, awareness of HIV positivity was associated with multiple sexual partners.

The study found that both the standard binary logistic regression and the MSM showed an

increase in condom use among individuals aware of their HIV positivity. Some studies have

also shown similar effects between the standard regression model and the MSM (Suarez,

Borràs, & Basagaña, 2011; Lusivika-Nzinga, Selinger-Leneman, Grabar, Costagliola,

& Carrat, 2017; Yang, Eaton, McAlindon, & Lapane, 2015; Pega, Blakely, Glymour,

Carter, & Kawachi, 2016). This may indicate less influence of prior exposure and time-

varying confounders on the association between HIV positivity awareness and condom

use. In our study, this could be attributed to education in years not being an important

time-varying confounder for the association. However, using the standard multivariable

logistic model, awareness of HIV positivity was associated with increased multiple sexual

partners, a finding only found among women when using the MSM approach. We believe

the differences in the finding could be due to the use of the inverse probability treatment

weights and correct adjustment for time-dependent confounders (age and education level)

(Hernan et al., 2002; VanderWeele, Jackson, & Li, 2016; Tsai et al., 2010).
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Apart from an outcome being collected from an individual repeatedly over time, multiple

outcomes at a single time-point are widely collected in biomedical science. Therefore,

jointly estimating the effects on these outcomes would be of interest. In the next chapter, we

describe statistical methods that can be used to assess treatment effectiveness on multiple

outcomes.
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CHAPTER 4 : Estimating Treatment Effects on Multiple Outcomes

4.1 Introduction

In the previous chapter, we reviewed causal inference methods for univariate longitudinal

outcomes. Often times in health research one collects multiple outcomes at a single time

point. Similar to methods in the previous chapter, jointly estimating the effects for the

multiple outcomes would require accounting for the dependency between the outcomes.

This chapter compares the performance of four multivariate regression methods, namely

the multivariate outcome distribution, marginal mean, shared random effect and latent

variable models through a simulation study. Their applicability is illustrated with a

real-life example from a child growth study where the child’s height-for-age z-score,

weight-for-height z-score, and body-mass-index-for-age z-score could be correlated. A

paper under review: Twabi, H. S., Manda, S. O., Small, D., & Kohler, H. (2023a), ”A

comparative simulation study of multivariate regression models for multiple outcomes”

is based on material from this chapter

4.2 Structure of multivariate regression methods

In this section, we describe the regression structure that have been used to estimate the

effect of treatment exposure and predictors on multiple outcomes.
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4.2.1 Regression for univariate outcomes

Suppose for subject i, i = 1, . . . , n we observe an (n× p) covariate matrix denoted as Xi

and a continuous outcome Yi. A multiple regression model for the single outcome Y as a

function of the p predictors for the n subjects is written as;



y1

y2
...

yn


=



1 x11 x12 . . . x1p

1 x21 x22 . . . x2p
...

... . . .
...

1 xn1 xn2 . . . xnp





β0

β1
...

βp


+



ϵ1

ϵ2
...

ϵn


In vector notations this can be written as

Yi = Xβ + ϵi (4.1)

where ϵi ∼ N(0, σ2)

Estimation of the parameters in β is commonly done using the least squares approach.

However, the maximum likelihood approach is also used.

4.2.2 Regression for Multivariate outcomes

Now suppose there J outcomes, such that subject i has Yi = (Yi1, Yi2, . . . , YiJ) vector of

outcomes. Assume that Yij are continuous and follow a multivariate normal distribution

(Yij ∼ Nj(µi,Σj)) where Σj is the variance-covariance matrix. The regression equation
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for the multivariate outcomes will be given us;



y11 y12 . . . y1J

y21 y22 . . . y2J
...

... . . . ...

yn1 yn2 . . . ynJ


=



1 x111 x121 . . . x1p1

1 x211 x221 . . . x2p1
...

...
... . . . ...

1 xn11 xn21 . . . xnp1





β01 β02 . . . β0J

β11 β12 . . . β1J

β21 β22 . . . β2J
...

... . . . ...

βp1 βp2 . . . βpJ



+



ϵ11 ϵ12 . . . ϵ1J

ϵ21 ϵ22 . . . ϵ2J
...

... . . . ...

ϵn1 ϵn2 . . . ϵnJ


This can be simplified and written in vector notation as



Y1j

Y2j

...

Ynj


=



x11j x12j . . . x1pj

x21j x22j . . . x2pj

...
... . . .

...

xn1j xn2j . . . xnpj





β0j

β1j

...

βpj


+



ϵ1j

ϵ2j
...

ϵnj


(4.2)

This can be further simplified as

Y = XB+ E (4.3)

Estimation of the parameters in B can be done using several estimation approaches such

as the ordinary least squares estimation, the maximum likelihood technique, methods of

moments and bayesian estimation approaches (Anderson & Olkin, 1985; Arvanitoyannis,

Katsota, Psarra, Soufleros, & Kallithraka, 1999; Yu & Wang, 2021).

87



4.3 Statistical regression models for multivariate outcomes

There are various statistical approaches that can be used to analyse multiple outcomes. In

this section, we briefly describe relevant statistical methods that have been proposed to

analyse multiple correlated outcomes.

4.3.1 Separate analysis

A simple approach used in analyzing multiple outcomes is to analyze each outcome

separately by regressing each outcome on the predictors. The predictors included in the

model also act as covariate adjustment to control for possible confounding. The regression

models depend on the type of the outcome that is being modeled (Teixeira-Pinto & Mauri,

2011). For example, for continuous outcomes, a linear regression model is typically

assumed, while for binary outcomes, a logistic or probit regression models is used. One

limitation of separate regression analysis for multiple outcomes models is that it assumes

no dependency between the outcomes and may provide biased effects (Verbeke, Fieuws,

Molenberghs, & Davidian, 2014).

4.3.2 Multivariate normal model

The multivariate normal model provides an alternative to the separate regression models

and accounts for the complex correlation structure between outcomes. The model assumes

that the outcomes follow a normal distribution and are modelled as a multivariate normal

distribution. The full joint distribution of the outcomes is specified by their means,

variances and covariances. The covariance structure captures the strength of correlation
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between the outcomes. For a multivariate continuous outcome Yi, we assume that Yi

conditional on Xi follows a multivariate normal distribution, (Yij|Xi) ∼ N(XTB,Σ).

Thus, the probability distribution function of Yi is

f(Yi|Xi,B,Σ) = (2π)( − J

2
)|Σ|−1

2
exp(−1

2
(Yi −XTB)TΣ−1(Yi −XTB)) (4.4)

where Yi and Xi denote the ith rows of Y and X, respectively.

Estimation of B is based on the maximum likelihood on the full joint distribution. The

log-likelihood given (Y,B,Σ) is given as:

In{L(B,X,Σ)} = −1

2

n∑
i=1

(Yi −XiB
T )TΣ−1(Yi −XiB

T ) + c (4.5)

where c is a constant and does not depend on B

4.3.3 Multivariate Bernoulli model

One of the limitations of the multivariate normal model is that it assumes that the outcomes

are normally distributed and jointly follow a multivariate normal distribution. Thus, for

binary outcomes, the mulltivariate normal model would produce biased estimates. For

binary outcomes that are correlated, the multivariate Bernoulli model is used. This model

assumes that the outcomes follow a Bernoulli distribution with a probability distribution

that takes only values of 0 and 1. Suppose Yij be a binary random variable taking

values {0, 1} for the jth outcome (j = 1, 2, . . . , J) of the ith (i = 1, . . . , n) subject.

Yij ∼ Bern(pij) Then Y = Y1, Y2, . . . YJ is a multivariate Bernoulli R.V which takes

values {0, 1}J = {0, 1} × {0, 1} × . . . × {0, 1}. Then P (Y = y) = p(y1, y2, . . . , yJ) =
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p
∏J

j=1(1−yj)

0,0,...,0 × p
y1

∏J
j=2(1−yj)

1,0,...,0 × p
y1(1−y1)

∏J
j=3(1−yj)

0,1,...,0 × . . .× p
∏J

j=1 yj
1,1,...,1 . Suppose we have three

multiple binary outcomes that follow a Bernoulli distribution, then the joint probability

distribution function (pdf) will be

P (Y1 = y1, Y2 = y2, Y3 = y3) = P
(1−y1)(1−y2)(1−y3)
000 P

y1(1−y2)(1−y3)
100 P

(1−y1)y2(1−y3)
010 P

(1−y1)(1−y2)y3
001

P
y1y2(1−y3)
110 P

y1(1−y2)y3
101 P

(1−y1)y2y3
011 P y1y2y3

111

To estimate the parameters of the multivariate Bernoulli model, maximum likelihood

estimation is often used. The likelihood function is computed based on the observed data

and the assumed multivariate Bernoulli distribution. The estimates of the probabilities are

obtained by maximizing the likelihood function. Taking the log of the joint pdf and solving

for the probabilities and then taking the exponential, the joint pdf is given as

P (Y1 = y1, Y2 = y2, Y3 = y3) =

exp
(
y1ln

P100

P000

+ y2ln
P010

P000

+ y3ln
P001

P000

+ y1y2ln
P110P000

P100P010

+

y1y3ln
P101P000

P100P001

+ y2y3ln
P011P000

P010P001

+ y1y2y3ln
P010P001P111

P110P101P011

+ lnP000

)
(4.6)

for n subjects, the log-likelihood is written as
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l(y) =
n∑

i=1

(
y1ln

P100

P000

+ y2ln
P010

P000

+ y3ln
P001

P000

+ y1y2ln
P110P000

P100P010

+

y1y3ln
P101P000

P100P001

+ y2y3ln
P011P000

P010P001

+ y1y2y3ln
P010P001P111

P110P101P011

+ lnP000

)
(4.7)

For expression 4.7 the link functions InP000P110

P100P010
, InP101P000

P100P001
, InP000P011

P010P001
and InP010P001P111

P110P101P011

model the dependency between the outcomes.

Some studies have used the odds ratio to link the dependency link function to predictors of

interest. Other studies have used the marginal model and conditional model to estimate the

effect of a predictor on the dependent outcomes. Dependency between the dependent binary

outcomes can be measured using marginal probabilities or by specifying the correlation.

(Lipsitz, Laird, & Harrington, 1991), (Liang, Zeger, & Qaqish, 1992) and (Carey, Zeger, &

Diggle, 1993) proposed the use of a marginal odds ratio instead of specifying the marginal

correlations.

4.3.4 Shared Random Effect model

Rather than specifying a multivariate distribution on the outcome and covariance vectors, a

generalised linear mixed-model (GLMM) approach can be used. One example of a GLMM

model is the shared random effect model. In this model, an unobserved random effect is

specified to capture the association between the outcomes. The a random effect is assumed

to be shared among the outcomes, and captures the unobserved variability common to all

the outcomes. The random effects are usually assumed to follow a normal distribution.
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The shared random effect model for J outcomes can be defined as;

g(µij) = βXi + Zibi + ϵij

(4.8)

where g(.) is a known link function, Xi is a n× p and Zi is a n× q vectors of covariates of

interest. bi is the shared random effect which captures the correlation between outcomes

for subject i. bi is distributed as N(0,Σb), where Σb = σ2
b I and ϵij is the error term and is

distributed as N(0,Λi), where Λi = σ2
eI and I is a J × J identity matrix. The error terms

and the random effects are assumed to be independent Cov(ϵij, bi) = 0. The covariates,

Xi, in equation 4.8 are assumed to be the same for the J outcomes. For continuous

outcomes, the identity link is used (g(E[Yij|Xi, bi]) = E[Yij|Xi, bi] = βXi+Zibi) and for

binary outcomes, the logit ( Pr(Yij|Xi, bi) = logit−1(βj1Xi +Zibi) ) or probit link is used.

Conditional on the random effects Yi|bi ∼ N(Xβ + Zibi,Λi), where a common variance

is assumed for ϵij . The marginal distribution of Yi can be obtained by integrating out the

unobserved random effect as follows:

f(Yij) =

∫
f(Yij, bi)dbi

=

∫ J∏
j=1

f(Yij|bi)f(bi)dbi

The marginal distribution of Y is therefore distributed as, Yi ∼ N(Xβ,ZT
i ΣbZi +Λi)

The parameters for equation 4.8 can be estimated using the maximum likelihood, restricted

maximum likelihood or Bayesian estimation. Maximization can be done on the full joint

likelihood or on the marginal likelihood. The marginal likelihood is computationally better
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as the unobserved random effects are integrated out.

If we define θ to be a vector of all the parameters in the model 4.8, θ = (αT ,βT ), where α

is a vector of parameters used to calculate Vi, where Vi = ZT
i ΣbZi +Λi. Maximization

of the marginal likelihood estimation is achieved through ;

L(θ) =

∫ n∏
i=1

J∏
j=1

(2π)−
J
2 |Vi|−

1
2 exp(−1

2
(Yi−Xiβ)

TV−1
i (Yi−Xiβ))×exp(−1

2
biΛ

−1
i bT

i )

(4.9)

Maximization is usually done on the log-likelihood

l(θ) =
∫ n∑

i=1

J∑
j=1

{
−J
2

log(2π)− 1

2
log(|Vi|)−

1

2
(Yi −Xiβ)

TV−1
i (Yi −Xiβ)−

1

2
biΛ

−1
i bT

i

}
(4.10)

For binary outcomes Yij with values, 0 or 1, the likelihood function for Pr(Yij =

1|Xi, bi,β) will be written as

L(x) =
n∏

i=1

Pr(Yij = 1|Xi, bi,β)

=
n∏

i=1

{∫
Pr(Yij = 1|Xi, bi,β)f(bi)

}

=
n∏

i=1

{∫ J∏
j=1

Pr(Yij = 1|Xi, bi,β)f(bi)

}

=
n∏

i=1

{∫ J∏
j=1

eβjXij+bi

1 + eβjXij+bi
f(bi)

}
(4.11)

(4.12)

To estimate theβj’s andσ2
b we maximize the log of the likelihood in equation 4.12. However,

the integrals of equation 4.12 do not have a closed-form solution and hence maximization

of log-likelihood is done using approximation. One approximation approach is the Gauss-
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Hermitian adaptive quadrature approach. Several softwares have the capacity of solving

solutions for such equations. In R, the lme4 package (Bates, Mächler, Bolker, & Walker,

2015) uses the adaptive Gaussian quadrature (AGQ) to approximate the integral of the

likelihood. The default uses one quadrature point (nAGQ=1) which corresponds to the

Laplace approximation method.

4.3.5 Marginal mean model

The shared random effect model provides estimates that are conditional and are interpreted

as subject-specific. One may be interested in estimating the effect of an exposure on the

average population, hence, a marginal mean model provides tat alternative. The marginal

mean model approach models the mean of the multiple outcomes (at a population-level)

as a function of the exposure Xi as follows,

µij = E(Yij) = g−1(XT
i βj) (4.13)

where µij is linked to the exposure through the link function g(.). where Xi is an n × p

matrix of treatment exposures and predictors, βj is a p × 1 vector of coefficients relating

Xi to Yij .

Estimation of the parameters for model 4.13 can be done either using a generalised

least squares (GLS), maximum likelihood estimation (MLE) on the full joint distribu-

tion, Bayesian estimation approaches and generalised estimating equations. The GLS and

the MLE perform efficiently when all outcomes follow a normal distribution, which may

not be the case in real-life applications. The Bayesian estimation is more effective however,
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require prior information. Specification of a full joint distribution on the mean of the mul-

tiple outcomes may require complex computation and may cause convergence problems

when dealing with outcomes that are non-linear.

Since specification of the multivariate distribution of the outcomes can be complex, semi-

parametric approaches such as the generalized estimating equations (GEE) is commonly

used (Liang & Zeger, 1986; Lipsitz et al., 1991) for marginal mean models. Using the

GEE approach, we only specify the functional relationship between the mean outcome and

the exposure, and the mean and variance of the outcomes.

Using the GEE, the association between the outcomes within a subject are accounted for

by defining a working correlation matrix Ri(α) (Zeger, Liang, & Albert, 1988). where

α is the specified correlation parameter to be estimated. The variance of Yij is modeled

as V ar(Yij) = ϕν, where ν is the variance function that depends on the mean and ϕ is

the scale parameter. For example for continuous outcomes the variance of the multivariate

outcomes, V arYi = Vi. Vi is the variance-covariance matrix and equals A
1
2
i Ri(α)A

1
2
i

andψ = 1. Ai is the J×J diagonal matrix of the variance, where for a normally distributed

continuous Y we have diag(Var(Yij)) = σ2. For binary outcomes that follow a Bernoulli

distribution, µij = P (Yij = 1), and 0 < µij < 1 and the common link function is the logit

link, where logitµij = log(µij/(1 − µij)) = XT
i βj . Therefore, µij =

exp(XT
i β)

1+exp(XT
i β)

and

V ar(Yij) = µij(1 − µij). The coefficient parameter vector β for the marginal model can

be obtained by solving the p estimating equations (Liang & Zeger, 1986; Zeger & Liang,
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1986)

Up(β) =
N∑
i=1

DT
i V

−1
i (Yi − µi) = 0 (4.14)

where Di =
∂(µi)
∂β

and Vi = A
1
2
i Ri(α)A

1
2
i . Ri(α) is fully specified by the parameter α.

The model is fit with the assumption that the correlation matrix is also known as a working

correlation matrix. The coefficient parameters can be estimated based on the pairwise

correlation between the outcomes to improve efficiency of the standard errors (Liang

et al., 1992). There is no determined way of choosing a specific working correlation

matrix and is left to the discretion of the researcher, this is one of the drawbacks of

the generalized estimating equation (GEE) (Swan, 2006). The standard choices of the

working correlation matrix are independent, unstructured, exchangeable and first order

auto-regressive (AR(1)). For the independence Ri(α), the pairwise correlation between

two outcomes corr(yij, yik) = 0, j ̸= k and Ri is equal to the identity matrix. For

the exchangeable correlation assumption, we assume that the correlation between the

outcomes is the same corr(yij, yik) = α. For the unstructured correlation assumption,

the correlation between the outcomes has no specific structure, the pairwise association

is different, corr(yij, yik) = αjk = αkj = corr(yik, yij). While the auto-regressive one

assumes that the pairwise correlation increases if the outcomes are closer in time and

decreases as the distance getting farther between time points, corr(yij, yik) = α|j−k|,

which is mostly applied for repeated measures data.

The common approach of finding a solution to the generalized estimating equation is

using the generalized weighted least squares or by solving the equations iteratively using

the Fishers scoring method or Newton-Raphson iteration until convergence. One of the

96



advantages of the GEE is the parameter estimates in GEE model are consistent even when

the association structure is misspecified. We used the Generalized estimating equations

(GEE) proposed by Liang and Zeger (Liang & Zeger, 1986) assuming an exchangeable

working correlation matrix and using an iterative process to estimate the parameter vector

β.

4.3.6 Latent variable (LV) Model

Similar to the SRE, the latent variable model is a GLMM which is used to capture

the unobserved effects that result in the dependency between the outcomes. The LV

model assumes that the outcomes are correlated due to the unobserved latent variable, and

estimates the effect of the treatment exposure and predictors on the latent variable, which

is then used to estimate the effect on the individual outcomes (Sammel, Ryan, & Legler,

1997). The J outcomes can be modeled as a function of a single latent factor, a vector of

fixed covariates Xi and the random error ϵij as follows:

Yij = Xijβj + ηui + ϵij (4.15)

where βj is the regression coefficient measuring the effect of the exposure on the specific

outcome, η is a vector of J × 1 factor loadings, ϵij ∼ N(0,Σϵ) and ui ∼ N(0,Σu). ui

and ϵij are independent implying Cov(ui, eij) = 0. Model 4.15 assumes that the multiple

outcomes are independent given the latent variables, which means that the dependency

between the outcomes is due to the shared latent variable ui.

The latent variables in model 4.15 reflect a subject’s unobservable factors and are linked

97



to observed exposures unlike in the random effects model. Thus, we model latent factor ui

as a linear function of the predictor of interest (exposure) Ti:

ui = Tiα + δi (4.16)

where δi ∼ N(0, I) and α measures the effect of the observed predictors (exposure) on

latent variables and then on outcomes (Zhou, Lin, Song, & Li, 2014). Therefore, the model

can be written as follows;

Yij = Xiβ + ηTiα + ηδi + ϵij (4.17)

Therefore, the mean of Yij is given as E[Yij] = Xiβ + ηαTi and variance of Yij is

Var(Yij) = ηTη+ Σϵ. where diag{Σepsilon} = σ2.

We could look at the joint distribution of the outcomes and the latent variable

f(Yij, ui) ∼ N


Xiβ + ηαTi

Tiα

 ,

ηTη+ Σepsilon η

ηT 1




The parameters η, α, β,Σepsilon are estimated using the maximum likelihood (ML). The

complete joint likelihood for an individual is given as

L(α,η, β,Ψ) =
n∏

i=1

J∏
j=1

f(yij|α, β,Ψ,η)f(ui, α)

=
n∏

i=1

J∏
j=1

1

(2π)n
|Σepsilon|−1exp(−1

2
(yij −Xiβ − αTiη)

TΣ−1
epsilon(yij −Xiβ − αTiη))

× 1

(2π)
× Σu ×−exp(

1

2
(ui − Tiα)

T (ui − Tiα))(4.18)
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Therefore, the log-likelihood is given as;

logL(α,η, β,Σepsilon) =
n∑

i=1

J∑
j=1

1

(2π)n
+ log(|Σepsilon|−1)− 1

2
(yij −Xiβ − αTiη)

TΣ−1
epsilon(4.19)

(yij −Xiβ − αTiη) +
1

(2π)
+ ln|Σu| −

1

2
(ui − Tiα)

T (ui − Tiα)

The maximum likelihood can be used to estimate the parameters of model 4.17 if the log

of the likelihood has a closed-form solution, particularly if the outcomes are distributed

normally, and the latent variable is assumed to follow a normal distribution. Another

approach would be to use the Expectation-Maximization (EM) algorithm (Sammel &

Ryan, 1996; Sammel et al., 1997). The restricted maximum likelihood has also been used

to estimate the variance of the parameters, as using ML, the estimated variance is biased.

We apply an approach by (Teixeira-Pinto & Mauri, 2011) using the maximum likelihood

with a closed form for the outcomes that follow a normal distribution. However, for the

binary outcomes, the latent variable model is written as

logit{P (Yij = 1|, α,β, ui)} = Xiβ + ηTiα +Λδi (4.20)

The likelihood will be defined as

L(Yij) =
n∏

i=1

f(Yij|β, ui, α)f(ui, α)dui (4.21)

where f(Yij|β, α,Λ) =
∏J

j=1 p
Yij

ij (1 − p
Yij

ij ) and pij = P (Yij = 1|, α,β, ui). Therefore,

the log of the likelihood can be written as;

=
n∏

i=1

J∏
j=1

[P (Yij = 1|, α,β, ui)]yij [(1− P (Yij = 1|, α,β, ui)]1−yij × f(ui) (4.22)
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Where the distribution of ui can follow an assumed distribution, the common distribution

assumed is that of the normal or Bernoulli. The integral for the log-likelihood in equation

4.22 does not have a closed-form solution. Hence, maximization of the log-likelihood is

done using a numerical approximation such as the Gaussian adaptive quadrature to estimate

maximum-likelihood parameters. The Stata package gllamm can be used to fit the latent

variable model (Rabe-Hesketh, Skrondal, & Pickles, 2004). Since ui is unobservable, the

estimate of ui can be obtained by using the posterior mean E[ui|Yj] through expectation-

maximization technique (Sammel & Ryan, 1996; Sammel et al., 1997).

4.4 Simulation Study

We performed a simulation study to assess the performance of the univariate, multivariate,

marginal, shared random effect and latent variable models in estimating the effect of an

exposure on the multiple outcomes by assessing the bias and 95% Coverage for the estimated

effects. Several scenarios were considered by varying the outcome type (continuous or

binary or mixed), the number of outcomes (J = 2, 3), the correlation between outcomes

(no correlation ρ = 0, low ρ = 0.3, and high ρ = 0.8), the sample sizes (200, 500,

1000), and the covariate of interest (same or different). In each simulation we generated

multiple outcomes (continuous or binary or mixed). The covariateX1, was generated from

Bernoulli, X1 ∼ Bernoulli(0.5) and was considered the exposure of interest. For each

simulation we generated 1000 independent data sets. The outcomes were simulated under

three scenarios, as continuous, binary or a mix of both binary and continuous.
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Continuous outcomes

We used the following model to simulate values for two continuous outcomes that follow

a bivariate normal distribution Yi = (Yi1, Yi2)
T

Yi = Xiβ+ ϵi (4.23)

For similar covariate effects across the outcomes, β = (β1,β2)
T , where β1 =

β01
β11


and β11 is the exposure effect for Y1 and β2 =

β02
β12

, β12 is the estimated effect for Y2 .

For similar exposure effects we define βj = (β0j = −1.1, β1j = 0.5)T .

For two outcomes with different covariate effects β1 = (−1.1, 0.5) and β2 = (−0.2, 0.4).

Dependency between the outcomes was captured by assuming a joint distribution on ϵij .

ϵi are errors from a multivariate normal distribution.

ϵi = (ϵi1, ϵi2)
T ∼ N


0

0

 ,

1 ρ

ρ 1




where the correlation matrix is obtained from the covariance matrix with ρ = σjl/σjσl and

σj and σl are equal to one. This approach was extended in a similar manner to simulate

three continuous outcomes. For three continuous outcomes with different effects, we had

β1 = (−1.1, 0.3), β2 = (−0.2, 1.5) and β3 = (−0.7, 1.0).
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Binary outcomes

We simulated two binary outcomesYij = (Yi1, Yi2) using the bindata package in R (Leisch,

Weingessel, & Hornik, 1998). The outcomes are firstly generated from a bivariate normal

distribution and thereafter transformed into binary outcomes. We generate the binary

outcomes (for Y1, Y2) such that the marginal probabilities satisfy

P (Yij = 1|Xi, T ) = [1 + exp(β0 + β1X1)]
−1, j = 1, 2

where for similar covariate effects we set β = (βoj = 1.0, β1j = −0.2)T and for outcome-

specific efects we set β = (β01 = 1.0, β11 = 0.1, β21 = 0.2, β31 = 0.3)T . Given the

coefficients values, we obtained the marginal probabilities for Y1 and Y2, respectively.

The correlated binary data were generated by specifying the marginal probabilities based

on the given marginal probability and ρ. A similar approach was used to simulate three

correlated binary outcomes with the following coefficients for different covariate effects

(β11 = 1.0, β12 = 0.5, β13 = 0.3).

Mixed outcomes

We simulate two mixed outcomes where Y1 was continuous and Y2 was binary associated

with a specific predictor effect. Data were generated from a bivariate normal distribution

as follows y1i
y∗2i

 ∼MVN


−0.1 + 0.5X11

−0.3 + 0.2X12

 ,

1 ρ

ρ 1



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For the exposure effects we set β = (β11 = 0.5, β12 = 0.3). We created the binary variable

y2i from the normally distributed variable y∗2i using the following relation:

y2i =


0 if y∗2i ≤ 0

1 if y∗2i > 0

A similar approach was used to simulate three correlated mixed outcomes (two continuous

and one binary) with the following coefficients (β11 = 0.5, β12 = 0.2, β13 = 0.4).

4.4.1 Performance assessment and model fitting

Performance of the methods in estimating the effects was done by assessing the accuracy

of the bias and 95% coverage under each scenario. The bias in the estimated effects was

calculated as the difference between the average effect estimates across the 1000 replicates

and the true effects.

All simulations and analyses were conducted in R (Dessau & Pipper, 2008). For the

estimation of the effects using the marginal model, we used the geepack (Højsgaard et

al., 2006). The MVLM and mvProbit was used for the multivariate normal and bernoulli

models, respectively. The JGEE package (Inan, 2015) was used for estimating parameters

for the marginal mean model with mixed outcomes. For generalized linear mixed models

(GLMM), we used the lme4 (Bates, Sarkar, Bates, & Matrix, 2007) and the Mcglm

packages (Bonat, 2018). We used the GEE assuming an exchangeable working correlation

matrix.
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4.5 Simulation Results

4.5.1 Continuous Outcomes

4.5.1.1 Bias

For two outcomes with similar effects, the estimated effects for the univariate, multivariate,

shared random effect and the marginal mean models were more accurate regardless of

the assumed correlation strength and sample size compared to estimated effects for the

latent variable model (Table 4.1, Figure 4.1). For three continuous outcomes with similar

covariates effects, the estimated effects were more accurate for the univariate (for ρ = 0,

n > 200), the marginal mean (for rho ≥ 0.3 and n > 200) (Table 2 in the Appendix). For

two or three continuous outcomes with different effects, the estimated effects were more

accurate for all methods except that latent variable model (Tables 4.2, 4.3).

4.5.1.2 95% Coverage

For two or three continuous outcomes with similar effects, the 95% coverage were more

than the nominal 95% for the marginal mean and shared random effect models for ρ = 0.8

and n > 500. We also observed 95% coverage more than the nominal 95% for n = 500

and ρ = 0. The estimated effects for the latent variable model were less accurate across all

sample sizes regardless of the correlation strength and number of outcomes.
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Table 4.1: Estimated effects, bias and 95% coverage for two continuous outcomes with
same covariates. β0=-1.1, β1=0.5

Sample size Model β̂0 β̂1 Bias (β̂0) Bias (β̂1) 95% Cov. (β̂0) 95% Cov. (β̂1)

ρ = 0

Univariate -1.103 0.500 0.003 3.00E-04 96.3 93.7

Multivariate -1.096 0.496 -0.004 0.004 80.2 83.6

Shared -1.103 0.499 0.003 3.00E-04 96.1 93.1

n=200 Marginal -1.103 0.499 0.003 3.00E-04 96.1 93.1

Latent -1.100 0.372 0.000 0.128 90.2 80.6

Univariate -1.101 0.504 0.001 -0.004 95.6 95.5

Multivariate -1.101 0.504 0.001 -0.004 95.6 95.5

Shared -1.103 0.504 0.001 -0.004 95 95.3

n=500 Marginal -1.101 0.504 0.001 -0.004 95.3 95.4

Latent -1.099 0.375 0.001 0.126 73.9 66.6

Univariate -1.100 0.500 -4.00E-04 0.0012 94.4 94.4

Multivariate -1.099 0.498 -9.00E-04 0.002 19.5 17.3

Shared -1.099 0.499 -4.00E-04 0.0012 94.3 94.3

n=1000 Marginal -1.099 0.499 -4.00E-04 0.0012 94.3 94.3

Latent -1.099 0.373 0.001 0.127 41 43.8

ρ = 0.3

Univariate -1.095 0.497 -0.005 0.003 94.7 94.8

Multivariate -1.095 0.497 -0.005 0.003 18.3 18

Shared -1.099 0.497 -0.001 0.003 94.3 94.6

n=200 Marginal -1.099 0.497 -0.001 0.003 94.3 94.6

Latent -1.097 0.330 -0.003 0.170 80.3 71.6

Univariate -1.097 0.497 -0.003 0.003 94.6 95

Multivariate -1.097 0.497 -0.003 0.003 19.6 20.5

Shared -1.099 0.501 -0.001 -0.001 94.4 94.8

n=500 Marginal -1.099 0.501 -0.001 -0.001 94.4 94.8

Latent -1.098 0.330 -0.002 0.170 42.1 43.6

Univariate -1.099 0.498 0.00009 0.002 94.5 94.5

Multivariate -1.099 0.498 -9.00E-04 0.002 19.4 20.3

Shared -1.099 0.498 -0.001 0.002 94.5 94.3

n=1000 Marginal -1.099 0.498 -0.001 0.002 94.5 94.3

Latent -1.099 0.331 0.001 0.169 8.7 17.4

ρ = 0.8

Univariate -1.095 0.496 -0.005 0.004 94 93.9

Multivariate -1.098 0.496 -0.003 0.004 82.6 81.6

Shared -1.098 0.496 -0.003 0.004 93.7 93.7

n=200 Marginal -1.098 0.496 -0.003 0.004 93.7 93.7

Latent -1.096 0.266 -0.004 0.234 40.4 40.3

Univariate -1.097 0.498 -0.003 0.002 95.9 95.4

Multivariate -1.098 0.500 -0.002 -2.00E-04 80.0 79.9

Shared -1.098 0.500 -0.002 -2.00E-04 95.7 95.2

n=500 Marginal -1.098 0.500 -0.002 -2.00E-04 95.7 95.2

Latent -1.098 0.264 -0.002 0.236 1.9 4.4

Univariate -1.099 0.499 0.0007 0.001 94.4 94.4

Multivariate -1.099 0.499 -7.00E-04 0.001 82.8 83.1

Shared -1.099 0.498 -0.001 0.002 94.4 94.4

n=1000 Marginal -1.099 0.498 -0.001 0.002 94.4 94.4

Latent -1.099 0.264 -0.001 0.236 0.0 0.0
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Table 4.2: Estimates, Bias and 95% coverage for the estimated parameters of the two
continuous outcomes for selected estimates β̂11 and β̂12 with different covariates, True
values; β11 = 0.5, β12 = 0.4

Estimates Bias 95% Coverage

sample size Model β̂11 β̂12 β̂11 β̂12 β̂11 β̂12

ρ = 0

Univariate 0.4997 0.3961 0.0003 0.0039 96.3 93.7

Multivariate 0.4997 0.3961 0.0003 0.0039 96.3 93.7

Shared 0.500 0.396 -0.004 0.004 96 93.4

n=200 Marginal 0.500 0.396 -0.004 0.004 96.1 93.1

Latent 0.373 0.269 -0.004 0.131 90.2 80.6

Univariate 0.5037 0.4989 -0.0037 0.0011 95.6 80.3

Multivariate 0.4997 0.3961 0.0003 0.0039 18.3 13.3

Shared 0.373 0.269 -0.003 0.001 95.7 95.2

n=500 Marginal 0.504 0.399 -0.003 0.001 95.3 95.4

Latent 0.371 0.266 -0.003 0.134 74.1 24.8

Univariate 0.4988 0.4981 0.0012 0.0019 94.4 94.4

Multivariate 0.4988 0.3981 0.0012 0.0019 19.5 13.5

Shared 0.499 0.398 -0.001 0.002 94.4 93.8

n=1000 Marginal 0.499 0.398 -0.001 0.002 94.3 94.3

Latent 0.367 0.267 -0.001 0.133 41.3 44.1

ρ = 0.3

Univariate 0.4967 0.497 0.0033 0.003 94.7 94.8

Multivariate 0.496 0.397 0.0033 0.003 19.6 17.6

Shared 0.497 0.396 -0.006 0.004 94.4 94.5

n=200 Marginal 0.497 0.396 -0.006 0.004 94.3 94.6

Latent 0.289 0.188 -0.006 0.212 80.4 71.7

Univariate 0.5013 0.497 -0.0013 0.003 94.6 95

Multivariate 0.5013 0.397 -0.0013 0.003 19.4 16.8

Shared 0.503 0.404 -0.001 -0.004 94.4 94.8

n=500 Marginal 0.503 0.404 -0.001 -0.004 94.4 94.8

Latent 0.291 0.186 -0.003 0.214 42.5 43.6

Univariate 0.4978 0.4992 0.0022 0.0008 94.5 94.5

Multivariate 0.497 0.3992 0.0022 0.0008 18.3 15.5

Shared 0.498 0.399 -0.001 0.001 94.5 94.5

n=1000 Marginal 0.498 0.399 -0.001 0.001 94.5 94.3

Latent 0.286 0.187 -0.001 0.213 8.9 17.7

ρ = 0.8

Univariate 0.496 0.396 0.0038 0.0036 94 93.9

Multivariate 0.496 0.396 0.0038 0.0036 17.4 14.5

Shared 0.501 0.416 -0.005 0.004 93.0 93.3

n=200 Marginal 0.501 0.416 -0.005 0.004 93.7 93.7

Latent 0.299 0.214 -0.005 0.206 44.1 44.2

Univariate 0.500 0.398 0.0004 0.0022 95.9 80.5

Multivariate 0.5002 0.3978 0.0002 0.0022 20 15.5

Shared 0.501 0.397 -0.003 0.003 95.7 95.2

n=500 Marginal 0.501 0.397 -0.003 0.003 95.7 95.2

Latent 0.297 0.193 -0.003 0.207 2.7 5.5

Univariate 0.498 0.399 -1.598 0.1014 94.4 62

Multivariate 0.498 0.399 0.0022 0.0014 17.2 12.9

Shared 0.498 0.399 -0.001 0.001 94.4 94.4

n=1000 Marginal 0.498 0.399 -0.001 0.001 94.4 94.4

Latent 0.293 0.194 -0.001 0.206 0.0 0.0
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Table 4.3: Estimates, Bias and 95% coverage for three continuous outcomes with different
covariates. True parameters β11=0.3, β12=1.5, β13=1.0

Estimates Bias 95% Coverage

sample size Model β̂11 β̂12 β̂13 β̂11 β̂12 β̂13 β̂11 β̂12 β̂13

ρ = 0

Univariate 0.298 1.496 1.002 0.002 0.004 -0.002 94.8 95.7 94.3

Multivariate 0.298 1.496 1.002 0.002 0.004 -0.002 11.3 43.1 30

Shared R.E. 0.298 1.503 1.002 -0.001 -0.004 0.000 93.4 95.5 92.8

n=200 Marginal 0.298 1.503 1.002 0.001 0.004 0.000 94.4 95.3 94

Latent 0.323 1.329 0.885 -0.024 0.173 0.118 9 11.5 10.4

Univariate 0.309 1.497 0.995 -0.009 0.003 0.006 94.2 95.7 94.6

Multivariate 0.309 1.497 0.9945 -0.009 0.003 0.005 11 45.5 35.4

Shared R.E. 0.298 1.503 1.002 0.002 -0.003 -0.002 93.8 95.3 94.4

n=500 Marginal 0.298 1.503 1.002 -0.002 0.003 0.002 93.9 95.5 94.4

Latent 0.323 1.329 0.885 -0.023 0.171 0.115 0.0 0.1 0.0

Univariate 0.305 1.503 1.001 5.00E-04 -0.003 -0.001 94 96.2 95.7

Multivariate 0.301 1.503 1.001 5.00E-0 -0.003 -0.001 11.3 47.2 33

Shared R.E. 0.299 1.503 1.000 0.001 -0.003 0.000 94.1 96.1 95.1

n=1000 Marginal 0.299 1.503 1.000 0.001 -0.003 0.000 94 96.1 95.6

Latent 0.325 1.329 0.884 -0.024 0.171 0.116 0.0 0.0 0.0

ρ = 0.3

Univariate 0.296 1.501 0.999 0.004 -0.001 -0.0008 93.8 95.8 93.2

Multivariate 0.296 1.501 0.999 0.004 -0.001 0.0008 11.5 42.4 34

Shared R.E. 0.300 1.505 1.002 0.000 -0.005 -0.002 93.4 95.5 92.8

n=200 Marginal 0.300 1.505 1.001 0.000 0.005 0.001 93.4 95.5 92.8

Latent 0.332 1.258 0.836 -0.032 0.242 0.164 6.1 5.6 3.6

Univariate 0.302 1.499 1.011 -0.002 -0.0005 -0.011 94 96.2 94.5

Multivariate 0.302 1.4995 1.0106 -0.009 -0.004 -0.003 12 48 32.7

Shared R.E. 0.297 1.504 1.003 0.000 -0.005 -0.002 94.0 96.2 94.2

n=500 Marginal 0.297 1.504 1.003 0.000 0.005 0.001 94 96.2 94.3

Latent 0.331 1.259 0.839 -0.030 0.241 0.161 0.0 0.0 90.1

Univariate 0.301 1.498 0.998 -0.001 0.002 0.002 96 95.4 94.5

Multivariate 0.3014 1.4979 0.9984 -0.001 0.002 0.002 11.2 44.5 31.5

Shared R.E. 0.298 1.504 1.001 0.002 -0.004 -0.001 96.0 95.4 94.5

n=1000 Marginal 0.298 1.504 1.001 -0.002 0.004 0.001 96 95.4 94.5

Latent 0.332 1.259 0.838 -0.032 0.241 0.162 0.0 0.0 0.0

ρ = 0.8

Univariate 0.298 1.500 0.998 0.002 0.0002 0.003 93.6 94.8 94.2

Multivariate 0.2979 1.5002 0.9975 0.002 0.0002 0.003 10.5 42.4 31.8

Shared R.E. 0.297 1.506 1.006 0.003 -0.006 0.000 93.6 94.4 93.8

n=200 Marginal 0.297 1.506 1.005 0.003 -0.006 -0.005 93.6 94.4 93.8

Latent 0.339 1.174 0.783 -0.039 0.327 0.218 1.4 0.7 0.2

Univariate 0.309 1.504 1.003 -0.009 -0.004 -0.003 94.1 95.8 94.6

Multivariate 0.3086 1.5044 1.0025 -0.009 -0.004 -0.003 12.1 44.4 36.2

Shared R.E. 0.295 1.503 1.007 0.005 -0.003 -0.007 94.1 95.8 94.5

n=500 Marginal 0.295 1.503 1.007 0.005 -0.003 -0.007 94.1 95.8 94.5

Latent -0.038 0.338 1.173 0.785 0.327 0.216 0.0 0.0 0.0

Univariate 0.299 1.498 0.999 0.0008 0.002 0.0001 94.8 95 95.1

Multivariate 0.2992 1.4979 0.9999 0.0008 0.002 0.0001 9.4 44.3 34.4

Shared R.E. 0.300 1.503 0.999 0.003 -0.003 -0.004 94.7 94.9 95.1

n=1000 Marginal 0.300 1.503 0.999 0.003 -0.003 -0.004 94.7 94.9 95.1

Latent 0.340 1.173 0.783 -0.040 0.327 0.217 0.0 0.0 0.0
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Figure 4.1: Mean treatment effect for two continuous outcomes with same
effect,βcontinuous = 0.5. Source: Researcher (2023)

4.5.2 Binary outcomes

4.5.2.1 Bias

For two binary outcomes with same covariate effects, the estimated effects were accurate

for univariate and marginal mean models (across all correlation strengths) regardless of the

sample size as shown in Tables 4.4 and 3 and Figure 4.2. However, the estimated effects

for the shared RE were only accurate for ρ = 0, regardless of the sample size. As the

assumed correlation increased (ρ ≥ 0.5), the estimated effects for the shared RE were less

accurate (Bias >> 0). The estimated effects for the latent variable and the multivariate

Bernoulli model were less accurate for ρ ≥ 0. For three outcomes with same effects the

trivariate Bernoulli and marginal model were more accurate compared to the rest of the
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models. For two binary outcomes with different effects, none of the models were accurate

across the different sample sizes and correlation strength. While for three outcomes with

different effects only the marginal mean model was accurate for ρ ≥ 0, regardless of the

sample size. The multivariate model was accurate for n ≥ 500 and ρ ≤ 0.3 (Tables 4.5,

and 4.6).

4.5.2.2 95% Coverage

For two binary outcomes with similar effects, the coverage proportion of the estimated

exposure effects was low for the all models except the marginal mean model. The marginal

model had a coverage proportion closer to the nominal 95% for ρ ≥ 0.3 and n ≥ 500.

There was an overcoverage for the marginal mean model for ρ = 0.8andn = 1000. For

three outcomes with similar effects, the coverage proportion was closer to the nominal 95%

for ρ = 0, 0.3 and n > 200 for the latent variable and marginal mean models. For two and

three binary outcomes with different effects, only the marginal mean model had a coverage

proportion closer to the nominal 95%, see Tables 4.5 and 4.6.
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Table 4.4: Estimates, bias and 95% coverage for the effects on two binary outcomes with
same effects. β0=1.0, β1 = −0.2

Estimated parameters

sample size Model β̂0 β̂1 Bias (β̂0) Bias (β̂1) 95% Cov. (β̂0) 95% Cov. (β̂1)

ρ = 0

Univariate 1.004 -0.203 -0.0047 0.0029 92 93

Multivariate 1.689 -0.713 -0.688 0.166 0.1 40.5

Shared 1.040 -0.208 -0.040 8.00E-03 92.4 93.3

n=200 Marginal 1.017 -0.204 -0.017 4.00E-03 93 93.5

Latent 1.699 -0.075 -0.699 -0.125 0.0 89.7

Univariate 1.002 -0.198 -0.0016 -0.0017 89.5 91.3

Multivariate 1.679 -0.359 -0.679 0.159 20.4 60.5

Shared 1.027 -0.216 -0.027 0.016 90.0 91.4

n=500 Marginal 1.013 -0.213 -0.013 0.013 90.3 91.7

Latent 1.672 -0.124 -0.672 -0.076 10.0 92.3

Univariate 1.003 -0.203 -0.0034 0.0028 83.8 84.1

Multivariate 1.671 -0.352 -0.671 0.152 1.5 40.7

Shared 1.016 -0.203 -1.60E-02 0.003 31 89.2

n=1000 Marginal 1.002 -0.201 -2.00E-03 8.00E-04 84 84.3

Latent 1.671 -0.156 -0.671 -0.044 0.0 88.6

ρ = 0.3

Univariate 1.003 -0.206 -0.003 0.0059 92.2 93

Multivariate 1.683 -0.363 -0.683 0.163 90.4 88.2

Shared 1.195 -0.226 -0.195 0.026 92.9 93.4

n=200 Marginal 1.010 -0.194 -0.011 -6.00E-03 94.5 93.9

Latent 1.905 -0.100 -0.905 -0.100 0.5 94.9

Univariate 1.001 -0.1977 0.0005 -0.0023 91.1 90.4

Multivariate 1.681 -0.355 -0.681 0.155 85.3 88.9

Shared 1.187 -0.023 -0.181 0.033 91.7 90.7

n=500 Marginal 1.006 -0.201 -0.006 6.00E-04 94.2 95.9

Latent 1.840 -0.134 -0.840 -0.066 0.0 95.4

Univariate 1.0044 -0.2025 -0.0044 0.0025 83.6 82.9

Multivariate 1.673 -0.354 0.154 -0.674 89.2 88.4

Shared 1.175 -0.229 -0.175 0.029 84.2 83.2

n=1000 Marginal 1.000 -0.199 -1.00E-04 -0.002 98 96.4

Latent 1.826 -0.162 -0.826 -0.038 0.0 87.9

ρ = 0.8

Univariate 0.9979 -0.2049 0.0021 0.0049 91.7 92.1

Multivariate 1.678 -0.358 -0.678 0.156 84.8 83

Shared 1.686 -0.374 -0.686 0.174 86.4 90.3

n=200 Marginal 1.011 -0.196 -0.011 -0.004 93.2 94.5

Latent 7.749 -1.088 -6.748 0.888 0.2 88.3

Univariate 1.000 -0.1996 0.0002 0.0004 98.9 92.5

Multivariate 1.676 -0.356 -0.676 0.156 85.4 84.4

Shared 1.671 -0.352 -0.671 1.52E-01 90.3 91

n=500 Marginal 1.003 -0.195 -0.003 -5.00E-03 95.4 97.5

Latent 7.749 -0.982 -6.749 0.782 0.0 80.2

Univariate 1.001 -0.2011 -0.0029 0.0026 93.4 93.5

Multivariate 1.675 -0.356 -0.675 0.156 82.0 89.2

Shared 1.671 -0.357 -6.71E-01 0.157 84.2 84

n=1000 Marginal 1.000 -0.200 -4.00E-04 0.000 99 97.8

Latent 7.776 -0.958 -6.776 0.758 0.0 93.8
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Table 4.5: Estimates, bias and 95% Coverage for estimated parameters for two binary
outcomes with different effects. True parameters β11 = 0.1, β12 = 0.3

Estimates Bias 95% Coverage

Sample size Model β̂11 β̂12 β̂11 β̂12 β̂11 β̂12

ρ = 0

Univariate 0.169 0.484 -0.073 -0.205 94.7 90.4

Multivariate 0.197 0.487 0.097 -0.187 93.4 90.1

Shared 0.173 0.505 -0.073 -0.205 94.8 89.2

n=200 Marginal 0.169 0.484 -0.069 -0.183 95.2 90.8

Latent 0.445 0.505 -0.345 -0.205 81.3 98.4

Univariate 0.198 0.489 -0.124 -0.188 91.8 84.3

Multivariate 0.174 0.490 0.074 -0.190 94.4 83.5

Shared 0.201 0.500 -0.101 -0.200 90.3 82.0

n=500 Marginal 0.198 0.488 -0.098 -0.188 92.1 84.8

Latent 0.463 0.501 -0.363 -0.201 58.5 95.7

Univariate 0.187 0.488 -0.087 -0.188 92.2 70.4

Multivariate 0.175 0.489 0.075 -0.189 93.4 84.4

Shared 0.189 0.497 -0.089 -0.197 92.2 70.9

n=1000 Marginal 0.187 0.488 -0.087 -0.188 92.2 70.9

Latent 0.451 0.502 -0.351 -0.202 31.3 93.1

ρ = 0.3

Univariate 0.177 0.493 -0.077 -0.131 93.8 90.4

Multivariate 0.196 0.482 0.096 -0.182 92.2 84.2

Shared 0.210 0.627 -0.110 -0.327 93.6 86.4

n=200 Marginal 0.177 0.493 -0.077 -0.193 94.5 90.6

Latent 0.493 0.577 -0.393 0.277 82.6 88.3

Univariate 0.190 0.483 -0.090 -0.183 94.3 83.2

Multivariate 0.178 0.490 0.078 -0.190 94.0 92.4

Shared 0.223 0.608 -0.123 -0.308 90.2 70.5

n=500 Marginal 0.190 0.483 -0.090 -0.183 94.5 83.2

Latent 0.494 0.551 -0.394 -0.251 55.5 86.9

Univariate 0.1796 0.489 -0.079 -0.189 92.3 70.9

Multivariate 0.178 0.490 0.078 -0.190 92.1 80.1

Shared 0.210 0.613 -0.110 -0.313 92.4 70.9

n=1000 Marginal 0.179 0.489 -0.080 -0.189 92.4 82.2

Latent 0.482 0.557 -0.382 -0.257 29.6 92

ρ = 0.8

Univariate 0.173 0.490 -0.073 -0.190 95.4 90.5

Multivariate 0.180 0.484 0.080 -0.184 93.4 82.2

Shared 0.606 2.230 -0.506 -1.930 89.3 66.4

n=200 Marginal 0.173 0.490 -0.073 -0.190 95.9 90.3

Latent 1.057 1.745 -0.957 -1.445 75.8 24.2

Univariate 0.186 0.482 -0.086 -0.182 94.1 84.3

Multivariate 0.179 0.489 0.079 -0.189 92.5 92.0

Shared 0.2222 0.732 -0.533 -0.432 30.4 28.4

n=500 Marginal 0.1018 0.3049 -0.002 -0.005 94.8 90.7

Latent 0.751 1.204 -0.651 -0.904 43.9 56.1

Univariate 0.182 0.488 -0.082 -0.188 91.5 70.3

Multivariate 0.180 0.489 0.080 -0.189 90.3 71.5

Shared 0.2 0.7086 -0.498 -0.409 12.6 90.8

n=1000 Marginal 0.1013 0.2951 -0.004 0.005 91.8 70.4

Latent 0.684 1.056 -0.584 -0.756 14.9 90.1
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Table 4.6: Estimates, bias and 95% Coverage when analyzing three binary outcomes with
different effects. True parameters β11=1.0, β12=0.5, β13=0.3

Estimates Bias 95% Coverage

Sample size Model β̂11 β̂21 β̂31 β̂11 β̂21 β̂31 β̂11 β̂21 β̂31

ρ = 0

Univariate 1.742 0.801 0.516 -0.742 -0.301 -0.216 43.2 81.9 89.2

Multivariate 2.223 0.344 0.302 -1.223 0.157 -0.002 10.2 32.5 0.1

Shared R.E. 1.028 0.510 0.311 -0.027 -0.010 -0.011 12.4 66.3 58.2

n=200 Marginal 1.011 0.503 0.307 -0.011 -0.003 -0.007 94.4 95.3 3.5

Latent 0.871 0.193 -0.05 0.129 0.307 0.351 77.6 91.2 92.3

Univariate 2.501 1.064 0.506 -1.501 -0.564 0.6 8.7 62.7 81.2

Multivariate 1.048 0.517 0.267 -0.0478 -0.017 0.0332 30.5 80.5 83.3

Shared R.E. 1.020 0.502 0.308 -0.020 -0.002 -0.008 90.4 92.2 94.8

n=500 Marginal 1.010 0.497 0.305 -0.010 0.003 -0.005 89.8 92.4 82.9

Latent 0.855 0.202 -0.046 0.1447 0.2985 0.3464 45.1 87.7 90.4

Univariate 2.238 1.053 0.510 -1.238 -0.553 -0.2096 0.2 33.5 70.9

Multivariate 1.081 0.637 0.343 -0.081 -0.137 -0.043 88.4 70.5 92.2

Shared R.E. 1.009 0.505 0.305 -0.009 -0.005 -0.005 95.3 94.4 93.8

n=1000 Marginal 1.001 0.502 0.303 -0.001 -0.002 -0.003 99.9 99.2 94.1

Latent 0.849 0.2014 -0.050 0.1514 0.2986 0.3497 14.5 77.1 88.5

ρ = 0.3

Univariate 4.792 1.336 0.522 -3.792 -0.836 -0.222 46.7 80.3 90.8

Multivariate 1.414 0.663 0.341 -0.414 -0.163 -0.041 68.4 70.2 82.1

Shared R.E. 1.229 0.604 0.355 -0.229 -0.104 -0.055 48.5 70.8 72.5

n=200 Marginal 1.009 0.513 0.300 -0.009 -0.013 0.000 77 89.7 90.7

Latent 1.600 0.744 0.158 -0.134 0.310 0.448 38.5 87.6 92.6

Univariate 2.531 1.061 0.53 -1.531 -0.561 -0.23 9.8 61.5 80.8

Multivariate 1.017 0.535 0.373 -0.017 -0.035 -0.073 90.1 84.4 86.5

Shared R.E. 1.226 0.595 0.358 -0.226 -0.095 -0.057 75.6 83.4 79.8

n=500 Marginal 1.003 0.504 0.302 -0.003 -0.004 -0.002 70.8 73 82

Latent 1.103 0.194 -0.144 -0.103 0.306 0.444 90.5 81.4 78.3

Univariate 2.244 1.-399 0.5066 -1.2447 -0.5399 -0.2066 0.3 35.5 72.6

Multivariate 1.081 0.637 0.343 -0.081 -0.137 -0.043 88.5 70.5 92.2

Shared R.E. 1.231 0.596 0.357 -0.231 -0.096 -0.057 77.8 83.2 70.5

n=1000 Marginal 1.003 0.502 0.300 -0.003 -0.002 0.000 95.7 94.3 97.5

Latent 1.095 0.195 -0.144 -0.095 0.305 0.444 83.5 69.8 8.5

ρ = 0.8

Univariate 5.224 1.351 0.499 -4.224 -0.851 -0.199 46.9 81.9 91.2

Multivariate 1.803 0.641 0.308 -0.803 -0.141 -0.008 32.3 71.2 93.4

Shared R.E. 1.506 0.727 0.438 -0.505 -0.227 -0.138 86.4 90.3 91.2

n=200 Marginal 1.004 0.512 0.307 -0.004 -0.012 -0.007 75.5 89.7 91.1

Latent 2.965 1.455 0.115 -1.965 -0.955 0.185 26.2 70 93.2

Univariate 2.477 1.077 0.514 -0.757 -0.851 0.520 8.8 59.2 81.7

Multivariate 1.155 0.642 0.282 -0.155 -0.142 0.018 80.5 70.3 84.3

Shared R.E. 1.512 0.728 0.431 -0.512 -0.228 -0.131 88.3 73.0 80.2

n=500 Marginal 1.006 0.509 0.302 -0.006 -0.009 -0.002 80.5 71.1 82.7

Latent 2.916 1.424 0.137 -1.916 -0.924 0.163 0.50 37.2 92.7

Univariate 2.249 1.043 0.503 -1.249 -0.543 -0.203 0.3 35.5 72.6

Multivariate 1.132 0.550 0.222 -0.132 -0.050 -0.078 69.5 89.2 40.7

Shared R.E. 1.505 0.726 0.432 -0.504 -0.226 -0.132 80.0 70.1 86.0

n=1000 Marginal 1.001 0.507 0.302 -0.001 -0.006 -0.002 98.9 90.5 93.8

Latent 2.878 1.405 0.133 -1.878 -0.905 0.168 0.0 12.0 90.3
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Figure 4.2: Mean treatment effect for two binary outcomes with same effect,βbinary = 0.2.
Source: Researcher (2023)

4.5.3 Mixed outcomes

4.5.3.1 Bias

Tables 4.7 and 4.8 provide the estimated effects and bias for two and three mixed outcomes

(binary and continuous). The estimates for the univariate, shared random effect and the

marginal models were accurate as compared to the estimates for the univariate and latent

variable models, see Figure 4.3. The accuracy of the estimates for the marginal and shared

random effect models increased when ρ = 0.8 and for n ≥ 500. The accuracy was

mostly observed for the estimated effects of the continuous outcomes rather than those

for the binary outcomes. The estimates for the latent variable model were less accurate

particularly for a small sample size regardless of the correlation strength.
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4.5.3.2 95% Coverage

For both scenarios (two or three mixed outcomes), the coverage proportion became closer

to the nominal 95% for the marginal mean model for n = 500, regardless of the correlation

strength.
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Table 4.7: Estimates, bias and 95% coverage for two mixed outcomes (one binary and one
continuous). True effects β11 = 0.5, β21 = 0.3

Estimates Bias 95% Coverage

Sample size Model β̂11 β̂21 β̂11 β̂21 β̂11 β̂21

ρ = 0

Univariate 0.5005 0.329 -0.0005 -0.1299 96.3 89.8

Shared 0.5005 0.3299 -5.00E-04 -0.1299 88.2 70.2

n=200 Marginal 0.5005 0.2539 -5.00E-04 -0.0539 96.1 24.1

Latent 0.410 1.050 -0.0041 0.1234 74.8 8.4

Univariate 0.502 0.315 -0.0017 -0.1147 95.6 84.5

Shared 0.5017 0.3147 -0.0017 -0.1147 87.7 14.5

n=500 Marginal 0.5017 0.2458 -0.0017 -0.0458 95.3 1.4

Latent 0.440 0.040 -0.0024 0.1229 49.9 0.1

Univariate 0.498 0.323 0.0021 -0.123 94.4 70.3

Shared 0.4979 0.3232 0.0021 -0.1232 88.2 0.2

n=1000 Marginal 0.4979 0.2495 0.0021 -0.0495 94.4 0.0

Latent 0.400 0.410 -0.0021 0.121 20.5 0.0

ρ = 0.3

Univariate 0.4996 0.325 0.0004 -0.125 94.7 90

Shared 0.4996 0.3246 4.00E-04 -0.1246 87.4 70.4

n=200 Marginal 0.4996 0.2506 4.00E-04 -0.0506 94.3 24.7

Latent 0.65 1.05 -0.0074 0.1203 65.7 3.7

Univariate 0.4999 0.3196 0.0001 -0.1196 94.6 84

Shared 0.4999 0.3196 1.00E-04 -0.1196 89 14.5

n=500 Marginal 0.4999 0.2477 1.00E-04 -0.0477 94.4 0.8

Latent 0.4 0.22 -0.004 0.1197 38.1 0.0

Univariate 0.496 0.325 0.0036 -0.125 94.5 69.8

Shared 0.4964 0.3253 0.0036 -0.1253 94.5 50.5

n=1000 Marginal 0.4964 0.2503 0.0036 -0.0503 94.5 0.0

Latent 0.48 0.35 -0.0068 0.1172 10.6 0.0

ρ = 0.8

Univariate 0.499 0.332 0.0007 -0.132 94 90.4

Shared 0.4993 0.3318 7.00E-04 -0.1318 85.9 71.2

n=200 Marginal 0.4993 0.2544 7.00E-04 -0.0544 93.7 26.3

Latent 0.69 1.73 -0.0216 0.1046 54.2 0.1

Univariate 0.499 0.316 0.0008 -0.116 95.9 84.8

Shared 0.4992 0.3161 8.00E-04 -0.1161 87.2 14.1

n=500 Marginal 0.4992 0.2458 8.00E-04 -0.0458 95.7 1.2

Latent 0.55 0.88 -0.0181 0.1046 17.7 0.0

Univariate 0.497 0.326 0.004 -0.126 94.4 69.7

Shared 0.4965 0.3257 0.0035 -0.1257 85.8 0.5

n=1000 Marginal 0.4965 0.2505 0.0035 -0.0505 94.5 0.0

Latent 0.52 0.57 -0.0213 0.102 30.1 0.0
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Table 4.8: Estimates, bias and 95% Coverage when analysing three mixed outcomes. True
parameters β11=0.5, β12=0.2, β13=0.4

Estimates Bias 95% Coverage

sample size Model β11 β21 β31 β11 β21 β31 β11 β21 β31

ρ = 0

Univariate 0.4922 0.199 0.655 0.0078 0.001 -0.255 94.8 95.7 85

Shared R.E 0.4922 0.199 0.6553 0.0078 0.001 -0.2553 94.4 96.3 58.2

n=200 Marginal 0.4922 0.4294 -0.1632 0.0078 -0.2294 0.5632 94.4 5.3 3.5

Latent 0.422 0.245 0.836 0.0996 0.0927 0.3459 87.6 66.4 41.8

Univariate 0.509 0.1997 0.641 -0.009 0.0003 -0.241 94.2 95.7 72.1

Shared R.E 0.5091 0.1997 0.6414 -0.0091 3.00E-04 -0.2414 93.9 95.5 30.7

n=500 Marginal 0.5091 0.4429 -0.1602 -0.0091 -0.2429 0.5602 93.9 26.9 0.0

Latent 0.330 0.298 0.756 0.0825 0.0918 0.3484 0.0 3.7 26.9

Univariate 0.5007 0.203 0.652 0.0007 -0.003 -0.252 94 96.2 52.7

Shared R.E 0.5007 0.2031 0.652 -7.00E-04 -0.0031 -0.252 94 96.1 6.3

n=1000 Marginal 0.5007 0.4347 -0.1616 -7.00E-04 -0.2347 0.5616 94 36.1 0.0

Latent 0.503 0.189 0.407 0.0914 0.0891 0.3462 95 89.3 61.5

ρ = 0.3

Univariate 0.499 0.204 0.654 0.0015 -0.0041 -0.254 93.8 95.8 86.3

Shared R.E 0.4985 0.2041 0.6535 0.0015 -0.0041 -0.2535 93.4 95.5 20.1

n=200 Marginal 0.4985 0.4332 -0.1653 0.0015 -0.2332 0.5653 93.4 55.5 2.1

Latent 0.514 0.214 0.657 0.1316 0.126 0.3847 89.3 65 35

Univariate 0.506 0.201 0.675 -0.006 0.0007 -0.275 94 96.2 69.6

Shared R.E 0.5058 0.2007 0.6747 -0.0058 -7.00E-04 -0.2747 94 96.2 20.0

n=500 Marginal 0.5058 0.4413 -0.1614 -0.0058 -0.2413 0.5614 94 36.2 0.0

Latent 0.535 0.236 0.237 0.128 0.1331 0.3829 72.8 27.2 4.9

Univariate 0.502 0.198 0.655 -0.002 0.002 -0.255 96 95.4 52.1

Shared R.E 0.5017 0.198 0.6553 -0.0017 0.002 -0.2553 96 95.4 0.0

n=1000 Marginal 0.5017 0.4375 -0.1619 -0.0017 -0.2375 0.5619 96 55.4 0.0

Latent 0.514 0.224 0.986 0.1303 0.134 0.3852 93.5 90.3 6.5

ρ = 0.8

Univariate 0.496 0.2007 0.643 0.004 0.0007 -0.243 93.6 94.8 86.5

Shared R.E 0.4961 0.2007 0.6429 0.0039 -7.00E-04 -0.2429 93.6 94.2 35

n=200 Marginal 0.4961 0.4319 -0.1648 0.0039 -0.2319 0.5648 93.6 12.1 3

Latent 0.4498 0.1783 1.529 0.1482 0.1437 0.401 87.9 65 41

Univariate 0.511 0.206 0.667 -0.011 -0.006 -0.2667 94.1 95.8 72.4

Shared R.E 0.511 0.206 0.6666 -0.011 -0.006 -0.2666 94.1 95.8 31.5

n=500 Marginal 0.511 0.4437 -0.1614 -0.011 -0.2437 0.5614 94.1 55.8 0.0

Latent 0.398 0.159 1.865 0.1377 0.1426 0.3996 0.0 31.5 4.6

Univariate 0.4997 0.1983 0.653 0.0003 0.002 -0.253 94.8 95 53.8

Shared R.E 0.4997 0.1983 0.653 3.00E-04 0.0017 -0.253 94.7 94.9 63.4

n=1000 Marginal 0.4997 0.4355 -0.1621 3.00E-04 -0.2355 0.5621 94.7 54.9 0.0

Latent 0.528 0.23 1.827 0.1448 0.1462 0.3981 87.8 65.5 6.0
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Figure 4.3: Mean treatment effect for two varying mixed outcomes with same
effect,βcontinuous = 0.5, βbinary = 0.2. Source: Researcher (2023)

4.5.3.3 Working correlation matrices for GEE

We further assessed the performance of the estimated effects for the marginal mean model

using the GEE under different working correlation matrices for correlated binary and

continuous outcomes. Tables 4.9 and 4.10 present the accuracy of the estimates under

differing correlation strength and working correlation matrix for continuous and binary

outcomes, respectively. We observe that there is no difference in the estimates, bias and

MSE under the different working correlation matrices regardless of the correlation strength.

Therefore, the choice of the working correlation structure chosen in the simulation may

not impact the accuracy of the estimates.
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Table 4.9: A comparison of estimate, bias and MSE for the marginal model using GEE
under different working correlation matrix for continuous outcomes. β0=-1.1, β1=0.5

β̂0 β̂1

Working correlation matrix Correlation Estimate Bias MSE Estimate Bias MSE

Independence 0 -1.099 -0.001 0.002 0.498 0.001 0.003

0.3 -1.099 -0.001 0.002 0.497 0.002 0.005

0.8 -1.099 -0.001 0.002 0.498 0.002 0.005

Exchangeable 0 -1.10 -0.001 0.002 0.499 0.001 0.005

0.3 -1.099 -0.001 0.002 0.498 0.002 0.005

0.8 -1.099 -0.001 0.003 0.498 0.002 0.005

Unstructured 0 -1.10 -0.001 0.002 0.499 0.001 0.005

0.3 -1.099 -0.001 0.003 0.498 0.002 0.005

0.8 -1.099 -0.001 0.002 0.498 0.002 0.005

Table 4.10: Estimates, bias, MSE for a comparison of the working correlation matrix for
estimating effects on binary outcomes using a marginal model. β0=1.0, β1=-0.2

β̂0 β̂1

Working correlation

matrix
Correlation Estimate Bias MSE Estimate Bias MSE

Independence 0 1.003 -0.003 0.011 -0.103 0.003 0.02

0.3 1.004 -0.004 0.011 -0.104 0.004 0.019

0.8 7.317 -1.823 -6.317 1.623 39.902 2.635

Exchangeable 0 1.003 -0.0005 0.011 -0.103 0.003 0.02

0.3 1.004 -0.004 0.011 -0.104 0.004 0.019

0.8 7.317 -1.823 -6.317 1.623 39.902 2.635

Unstructured 0 1.003 -0.003 0.011 -0.103 0.004 0.02

0.3 1.004 -0.004 0.011 -0.104 0.004 0.019

0.8 7.317 -1.823 -6.317 1.623 39.902 2.635
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4.6 Empirical Study

4.6.1 Data source

We extracted child data from the 2015-16 Malawi Demographic and Health Survey

(MDHS). The MDHS is a nationally representative household survey which provides

up-to-date information on child health and nutritional status of children under 5 years of

age (using weight and height measurements) at national level for both rural and urban areas

of the country. The survey followed a stratified two-stage sample design. Parents of infants

included in the survey had signed an informed consent. Details of the sampling design for

the MDHS can be obtained from the 2015-16 MDHS reports (Government of Malawi &

ICF, 2017). The study objective was to estimate the effect of appropriate complementary

feeding on height-for-age, weight-for-height, and body-mass-index-for-age (z-scores). We

controlled for factors that were likely to be associated with appropriate complementary

feeding and child growth outcomes such as: place of residence, wealth status, maternal

HIV, maternal age, child birth weight, sex of a child and if a child was anemic (Kassa,

Meshesha, Haji, & Ebrahim, 2016; Kamenju et al., 2017; Walters et al., 2019).

We assessed the three nutritional outcomes as continuous outcomes, binary outcomes

measured as below minus the standard deviation (SD) or above the normal SD, namely;

stunting (height-for-age z-score < -2 SD), wasting (weight-for-height < −2 SD) and

overweight (body-mass-index-for-age > 2 SD) (WHO, 2006).

To estimate the association between child appropriate complementary feeding and the three

child growth outcome measures, namely height-for-age, weight-for-age, and body-mass-
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index-for-age simultaneously, we fit the four models. We fit a univariate model to the data

for comparison purposes. The parameters for the marginal model were estimated using

generalized estimating equation assuming an unstructured working correlation matrix as

the correlation between the growth outcomes were different.

4.6.2 Empirical data results

The outcomes WHZ and BAZ are intuitively correlated, but because all three growth

measures were indicators of child growth, they could reasonably be assumed to be corre-

lated. Table 4.11 presents estimates for the effect of appropriate complementary feeding

on the continuous child growth outcomes for the four models. Appropriate complemen-

tary feeding did show to have a positive association on height-for-age, BMI-for-age and,

weight-for-height z-scores. However, the associations between appropriate complemen-

tary feeding and the growth outcomes were not significant. The estimates of the effects

were similar across the methods for height-for-age z-score, however, only the shared R.E

(Coef:0.24, 95% CI:(0.01, 0.48)) and latent variable model (Coef:0.30, 95% CI:(0.06,

0.53)) provided significant associations. We also observe that children with low birth

weight had decreased height-for-age z-score while female children were more likely to

have increased height-for-age z-scores across the four statistical approaches. Additionally,

children from rich families had increased weight-for-height z-scores.

Table 4.12 displays estimates for the effect of appropriate complementary feeding on stunt-

ing, wasting and overweight. For all methods, We observe that appropriate complementary

foods resulted in a decrease in stunting, wasting and overweight, however, the association

was not significant. The estimate for the association between appropriate complemen-
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tary feeding and stunting using the univariate model was (OR=0.84, (95% CI:0.51, 1.40))

similar to that of the shared RE (OR=0.82, (95% CI:0.54, 1.25)) and the marginal mean

(OR=0.82, (95% CI:0.55, 1.24)) models. For wasting and overweight the effect of appro-

priate complementary feeding, differed across the models, except for shared RE (OR=0.96,

(95% CI:0.37, 2.51)); (OR=0.77, (95% CI:0.34, 1.75)) and the marginal mean model

(OR=0.96, (95% CI:0.39, 2.37)); (OR=0.78, (95% CI:0.34, 1.75)) which had similar ef-

fects, respectively. We also observe that females were less likely to be stunted across all

the models.

For the effect of appropriate complementary foods on the mixed outcomes, appropriate

complementary feeding had a positive significant effect on height-for age z-scores using

the latent variable model (Coef.=0.29, 95% CI: (0.06, 0.54)). The univariate, marginal

mean and shared random effect models showed an increase in height-for-age and weight-

for-height z-scores, however, the association was not statistically significant. Children

who were given appropriate complementary foods were less likely to be overweight across

the methods, however, the association was not statistically significant. The association

between appropriate complementary foods and weight-for-height z-scores and overweight

were slightly similar across the methods.

4.6.3 Model selection

For the model fit, regression models that used the likelihood to estimate the regression

parameters such as the multivariate distribution, shared random effect and the latent variable

models we used the Akaike information criteria to select models with the best fit for binary,

continuous or mixed outcomes. The ”quasi-likelihood under the independence” model
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criterion (QIC) a semi-parametric approach of model selection was used for the GEE

to estimate parameters for the marginal mean model, since the GEE does not specify

the likelihood of the joint distribution, (Pan, 2001). Models that had a small AIC were

selected as best models fit to the data, similarly for the QIC. Table 4.14 presents results of

the AIC and QIC for model selection. For the shared random effects, the latent variable

and the marginal mean model, the AIC was small when the multiple outcomes were

binary, implying that the models fit well when the outcomes were binary. However, for

the multivariate distribution model, the AIC was small when the multiple outcomes were

continuous.

Table 4.14: Model selection statistics based on the AIC (QIC)

Binary Continuous Mixed

AIC (QIC) AIC (QIC) AIC (QIC)

Multivariate 3131.89 3121.90 -

Shared R.E 3142 15368 14012

Marginal (3138.60) (7676.72) (5560.0)

Latent Variable 3181.98 15530.53 11410.57

In summary, regardless of the statistical method for multiple outcome used, for our empiri-

cal example, the association between appropriate child feeding and child growth outcomes

were similar, however, only the shared random effects and the latent variable model showed

a significant association between appropriate complementary feeding and height-for-age

z-scores for continuous correlated outcomes and when the outcomes were binary and of

different scale types.
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4.7 Summary

In biomedical studies with several outcomes, some conditions are characterized by these

multiple outcomes, and the interest could be centered on estimating treatment effectiveness

on them jointly. Therefore, statistical analysis needs to consider the multivariate nature

of the data. Multivariate methods have been developed and implemented in statistical

software. However, their performance may vary according to the outcome scale type, the

number of outcomes, and the pairwise correlation. This chapter has reviewed statistical

methods used to assess the association between exposure and multiple outcomes. We

mainly evaluated the performance of a marginal, shared random effect and latent variable

model in estimating the association of exposure on multiple outcomes. In addition, we

have performed a simulation study to investigate the differences in bias and mean square

error for different outcome types, sample sizes, and covariate type scenarios. The three

methods were then applied to child growth data in Malawi using the Malawi Demographic

and Health Survey (MDHS) to assess the effect of appropriate complementary foods on

child growth indicators. The simulation results have shown that regardless of the assumed

correlations between the outcome measures, the estimates using the shared random effect

and marginal models were more accurate for the continuous outcomes. Furthermore, the

association estimates were very accurate when estimated using the marginal model under

a strong correlation assumption for the binary outcomes and those measured on different

scales. In the application, appropriate complementary feeding resulted in better growth of

infants and young children. However, since these outcomes may be collected repeatedly

over time, to measure the effect of appropriate feeding on child growth, estimating the causal

effect would require considering both the between-outcome and the serial correlation. In

126



the next chapter, we have proposed a method to estimate causal inference for multiple

outcomes collected repeatedly over time for observational studies.
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CHAPTER 5 : Multiple Causal Effects for Longitudinal

Observational data

5.1 Introduction

The causal inference methods discussed so far have concentrated on univariate outcomes,

even when we looked at the them in terms of repeated measurements in chapter 3. This

Chapter describes proposed methods for the estimation of causal effects for longitudinal

studies with multiple outcomes. The proposed methods are centered on extending the

marginal structural models with inverse probability treatment for repeated measurements

with multiple outcomes.

5.2 Notation

Suppose for subject i, i = 1, . . . n, we observe j outcomes, (j = 1, . . . , Ji), that are

repeatedly measured for each subject at time k, k = 1, . . . ,Mi. For the purpose of this

study and without loss of generality, we set Ji = J and Mi = M ∀i Therefore, each

subject will have a JK vector of outcomes that are stacked in vector Y⃗i = (Yijk)
T ,

where Yijk denotes the measurement of the jth outcome of subject i at time k. For

simplicity we define Y⃗i as Y. Therefore, the stacked vector can be expanded as

Y⃗i = (Yi11, . . . , Yi1M , . . . , . . . , YiJ1, . . . , YiJM)T = (YT
i1,Y

T
i2, . . . ,Y

T
iJ)

T , where Y⃗i is a

JM × 1 outcome vector of the ith subject where each of the Yij, (k = 1, . . . ,M),
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is the jth outcome k-vector measurement of subject i. Suppose at each time point we

observe for subject i, treatment Tik, where Tik takes values of 0 and 1. We denote

T̄ik = (Ti1, . . . , TiM) as the treatment history through time k. We assume for subject i we

observe a vector time-varying confoundersXik at each time point k andZ = Xi1 represents

vectors of baseline confounders. We denote X̄ik = (Xi1, Xi2, . . . , XiM) as the confounder

history through time k for subject i. In addition, we assume a history of outcome-specific

confounders defined as Xijk.

We extend the potential outcome framework to the longitudinal multiple outcome setting.

Let Y⃗i(T̄k) = (Yijk(T̄k))
T be the stacked vector of potential outcomes for subject i on the

jth outcome measured at time k given that a subject had treatment history T̄k through time

k. Therefore, the average causal effect for subject i is defined as a difference of the average

jth potential outcome for the ith subject under different treatment levels at the kth time.

We generalize the definition of the ATE for univariate longitudinal data to a multivariate

scenario. The average response vector in the entire population had a subject received

T = 1 over time is denoted as E[Yijk(T̄k = 1̄)] and the average response vector for the

entire population had a subject received T = 0 over time is denoted as E[Yijk(T̄k = 1̄)].

The ATE for outcome j, repeatedly measured through time k for subject i is given as

follows;

E[Yijk(T̄k = 1)]− E[Yijk(T̄k = 0)] (5.1)
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In vector notation equation 5.1 can be written as;



E(Yij1(T̄1 = 1)− Yij1(T̄1 = 0))

E(Yij2(T̄2 = 1)− Yij2(T̄2 = 0))

...

E(YijM(T̄M = 1)− YijM(T̄M = 0))


=



E(Yij1(T̄1 = 1))− E(Yij1(T̄1 = 0))

E(Yij2(T̄2 = 1))− E(Yij2(T̄2 = 0))

...

E(YijM(T̄M = 1))− E(YijM(T̄M = 0))



= E[Yij(T̄k = 1̄)]− E[Yij(T̄k = 0̄)] (5.2)

Using vector notation generalizing it for all j outcomes through time k as

= E[Y⃗i(T̄k = 1̄)]− E[Y⃗i(T̄k = 0̄)] (5.3)

For binary outcomes, interest would be to estimate the odds ratio between the treatment

groups. If we denote δij(1) =
Pr(Yij(T̄k)=1̄)

1−Pr(Yij(T̄k=1̄)=1)
as the odds of Yij among subjects who

had a sequence of treatment and δij(0) =
Pr(Yij(T̄k=0̄)=1)

1−Pr(Yij(T̄k=0̄)=1)
as the odds of Yij among

subjects who had a sequence of no treatment. Then the average treatment effect for the jth

binary outcome measured at time k is given as

δOR =
δij(1)

δij(0)

5.2.1 Marginal Structural Model for longitudinal data with multiple outcomes

We extend the marginal structural model of equation 3.3 (Hernan et al., 2002) presented in

Chapter 3 by incorporating the subscript j for the multiple outcomes measured repeatedly
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over time. The effect of exposure history on the vector of marginal means for the jth

potential outcome measured at time k for subject i is modeled as follows;

E[Yi(T̄k)] = g(h(T̄k);βj)

(5.4)

If we consider h(T̄k) =
∑M

k=1 Tk, then the model in matrix notation for for repeated j

continuous outcomes is given as



Yij1

Yij2
...

YijM


=



1 T̄i1 1

1 T̄i2 2

...
...

1 T̄iM M




βj0

βj1

βj2

+



ϵij1

ϵij2
...

ϵijM


Which can be generalized as

Y⃗i = β0 + β1cum(T̄k) + β2k (5.5)

where cum(T̄k) =
∑M

k=1 Tk which is the cumulative exposure and βj1 is the causal effect

on the jth mean potential outcome E[Yij(T̄k)] for subject i’s cumulative exposure.

5.2.2 Assumptions to Identify ATE for multiple outcomes repeatedly measured

We modify the assumptions defined by (Rosenbaum & Rubin, 1983) to account for the

longitudinal data with multiple outcomes. The following are sufficient assumptions to

identify the causal effect βj1 for the jth outcome measured at times k = 1, . . . ,M

Assumption 1: Consistency Yij(T̄k) = Yij

131



Assumption 2: Positivity; P (Tk = 1|Xj,Xk,Z) > 0, each subject has each time prob-

ability of being treated and that there is no discontinuation of the treatment. Once an

individual is treated, they remain on treatment. We further assume that the treated group

follows the same time course as the control group.

Assumption 3: No unmeasured confounder;

T̄k ⨿ {Y1j(T1),Y2j(T2), . . . ,YMj(TM)}|Xj,Xk,Z.

Assumption 4: Stable Unit Treatment Value assumption (SUTVA);

{Y1j(T1),Y2j(T2), . . . ,YMj(TM)} ⨿ T̄k

Assumption 1 implies that a subjects potential outcome vector is equal to the outcome

vector for which the actual treatment was received. Assumption 2 addresses overlap and

implies that each subject has a non-zero probability of being treated at each time point k.

Assumption 3 is the exchangeability, that conditional on the observed covariates, treatment

assignment does not depend on the potential outcomes at time k.

The ignorability assumption implies that P (Y(T ) ≤ y|X) = P (Y ≤ y|X) (Kennedy,

Kangovi, & Mitra, 2019), the conditional distribution of potential outcomes under a certain

treatment level T̄k = t̄k (given covariates) equals the conditional distribution of observed

outcomes (given covariates) among those for whom T = t is observed (Kennedy et al.,

2019). The observed outcome is denoted as Yi = T̄kY(1) + (1− T̄k)Y(0).
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5.2.3 Inverse probability treatment weighting for multivariate longitudinal data :

A proposition

We extend the inverse probability treatment weights of equation 3.5 to incorporate the j

outcomes. To estimate the longitudinal causal effect with multiple outcomes we incorpo-

rate the history of outcome-specific confounders. The pseudo-population generated is one

where the average effect of treatment on the multiple outcomes is unconfounded by past

exposure, baseline, time-varying, and outcome-specific confounders. We propose modify-

ing the IPTW to account for the history of outcome-specific confounders measured at each

time point k known as outcome-specific weights. The unstabilized weight for subject i’s

jth outcome at time k becomes;

Wijk =
M∏
k=1

J∏
j=1

1

P (Tk|T̄k−1, X̄k,Z, X̄kj)
(5.6)

The estimator in equation 5.5 can be consistently estimated taking into account the modified

weights. The stabilized weight becomes

SWijk =
M∏
k=1

J∏
j=1

P (Tk|T̄k−1),Z

P (Tk|T̄k−1, X̄k,Z, X̄kj)
(5.7)

Therefore, for multiple outcomes, weighting the observed joint outcomes with the weights

equal to the inverse probability of being treated, a pseudo-population is created where the

distribution of the confounders is the same. Suppose we defineπ(T̄k, X̄) = P (Tk|T̄k−1, X̄k,Z, X̄j).

The average causal effect for the outcome m repeatedly measured across time points k can
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be estimated using the IPTW estimator defined as;

µ̂ =
N∑
i=1

J∑
j=1

TiYij
π(T̄k, X̄k)

( N∑
i=1

J∑
j=1

Ti
π(T̄k, X̄k)

)−1

−
N∑
i=1

J∑
j=1

(1− Ti)Yij
1− π(T̄k, X̄k)

( N∑
i=1

J∑
j=1

(1− Ti)

1− π(T̄k, X̄k)

)−1

(5.8)

For the above estimator the weights are normalized so that they add up to nT in each

treatment group.

We provide a proof to show that inverse weighting on the observed data estimates the

average causal effect. 5.7. Modifying Hirano and Imbens (2001)’s definition of the

expectation of the weighted mean under the unconfounded assumption we get;

E

{
T̄kYij

π(T̄k, X̄),Z

}
= E

{
E

[
T̄kYij(1)

π(T̄k, X̄)

∣∣∣∣X̄k, X̄j

]}
= E

{
Yij(1)

π(T̄k, X̄)
E[T̄k|X̄k, X̄j,Z]

}
= E

{
Yij(1)

π(T̄k, X̄)
P [T̄k|X̄k, X̄j,Z]

}
= E

{
Yij(1)

π(T̄k, X̄)
P [T̄k|X̄k, X̄j,Z]

}
= E

{
Yij(1)

π(T̄k, X̄)
∗ π(T̄k, X̄k)

}
= E[Yij(1)] = E[Y(1)]

The same applies for E
{

(1−T̄k)Yij

(1−π(T̄k,X̄k,Xj ,Z))

}
= E(Yi(0)).

5.3 Estimation of the MSM

To estimate the causal parameter in the marginal model 5.5 we adopted the generalized

estimating equation approach as it proved to be efficient in estimating the associations of
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the exposure on the multiple outcomes in the previous chapter. We proposed a working

correlation matrix to account for both the serial and between-outcome correlation within

the data. For repeated measures, there is only correlation for repeated measurements within

a subject (serial correlation). For repeated measures and multiple outcomes there are both

multivariate outcome correlation and between repeated measurements correlation. Using

the proposed inverse propensity treatment weights (IPTW), under a correct specification

of the exposure model, a consistent estimator can be obtained from model 5.5 by solving

the following generalized estimating equations (Robins, 2000)

n∑
i=1

J∑
j=1

K∑
k=1

Di(β).V
−1Wijk(Yijk(t̄k)− µi(β)) = 0 (5.9)

t̄k is the counterfactual exposure history, Di(β) =
∂µi

dβ
is a derivative matrix of the mean

vector, where µi(β) = (g(T1,X;β),

g(T2,X;β), . . . ,g(T̄k−1,X;β)). Wijk is the inverse probability treatment weight calcu-

lated at each time point for subject i, V i is the JM × JM marginal covariance matrix

given as

V i = ϕΣi (5.10)

Denoting Var(Yi) = ϕν(µ), where ν(µ) is the variance function and ϕ is the scale

parameter. A =
√

ν(µ) is a JM × JM block diagonal matrix which contains the

marginal variance of the outcomes. For binary outcomes, the marginal variance is given

as µi(1−µi). Σi = A
1
2Ri(ρ)A

1
2 and Ri(ρ) is the JM ×JM working covariance matrix

for subject i. A total of JM(JM+1)
2

unknown parameters ρ are to be estimated from Ri(ρ)

which may cause convergence problems when JM ≊ N (Naik & Rao, 2001; A. Roy &

135



Khattree, 2005).

To reduce the dimensionality of the parameters to estimate from the working covariance

matrix, a parsimonious structure for the working covariance matrix Ri(ρ) through the

Kronecker correlation matrix such that (Inan & Yucel, 2017)

Vi = ϕA
1
2 (Ry(τ )⊗Rk(α))A

1
2 (5.11)

where ⊗ is the Kronecker product. We denote Rk(α) as aM×M working covariance ma-

trix which captures the serial correlation (within-subject) andRy(τ ) as theJ×J which cap-

tures the between-outcome correlation (Naik & Rao, 2001; A. Roy & Khattree, 2005; Inan

& Yucel, 2017). We can assume the following structured working correlation to account

for the serial correlation; such as exchangeable, R(α)k,k′ = α, first-order auto-regressive

of order one (AR(1)), R(α)k,k′ = αk−k′ , or unstructured, R(α)k,k′ = αkk′ (M(M − 1)/2

parameters) for Rk(α), ∀k ̸= k
′ . For the Rj(τ), an exchangeable: R(τ)j,j′ = τ or un-

structured, R(τ)j,j′ = τj,j′ , ∀j ̸= j
′ , (J(J − 1)/2 parameters), correlation structures are

assumed and can result in a parsimonious model for equation 5.5 (Srivastava, von Rosen,

& Von Rosen, 2008; Werner, Jansson, & Stoica, 2008; Brobbey et al., 2021). For exam-

ple, for correlated binary outcomes repeatedly measured (j = 2,k = 3) we assumed two

Kronecker correlation structures exchangeable between-outcome and Auto-regressive of

order one AR(1) between repeated measures correlation. Therefore the working covariance
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structure can be written as

R(ρ) = Ry(τ )⊗Rk(α) =



1 α α2 τ τα τα2

. 1 α τα τ τα

. . 1 τα2 τα τ

. . . 1 α α

. . . . 1 α

. . . . . 1


Therefore we can define the working correlation structure as

Corr(Yijk, Yij′k′ ) = τα|k−k
′ |, ∀ k ̸= k

′
, j ̸= j

′

Rjj′kk′ =



1, for k = k
′
, j = j

′

α|k−k
′ |, for k ̸= k

′
, j = j

′

τ, for k = k
′
, j ̸= j

′

τα|k−k
′ |, for k ̸= k

′
, j ̸= j

′

For an assumed exchangeable between-outcome correlation structure and exchangeable

within-subject (repeated measures) correlation, the correlation can be defined as

Corr(Yijk, Yij′k′ ) = τα, ∀ k ̸= k
′
, j ̸= j

′

Rjj′kk′ =



1, for k = k
′
, j = j

′

α, for k ̸= k
′
, j = j

′

τ, for k = k
′
, j ̸= j

′

τα, for k ̸= k
′
, j ̸= j

′

Similar definitions can be done for when the between-outcome correlation is unstructured

and the correlation between repeated measures is either AR(1) or exchangeable.
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Equation 5.9 has been defined for a multivariate potential outcome and we estimate the

causal parameters by setting T̄k = {0, 1}. Under the consistency and strongly ignorable

assumption, β1 can be estimated using the observed data and is a consistent estimator by

solving the following set of estimating equations

n∑
i=1

J∑
j=1

Di(β).V
−1
i Ŵijk(Yij − µ(β)) = 0 (5.12)

where V−1 is as defined in equation 5.11, Ŵik is the inverse probability treatment weights

estimated from the data. The GEEs for equation 5.12 can be solved using the fisher

scoring algorithm and robust standard errors can be obtained using the sandwich variance

estimator. The GEEs of equation 5.12 are solved with a Fisher-scoring algorithm such that

β̂ = β̃+

( n∑
i=1

D̃i(β)V̂
−1
i ŴijkD̃i(β)

)−1( n∑
i=1

D̃i(β)V̂
−1
i Ŵijk(Yi − µ̃i)

)
(5.13)

and a sandwich formula to estimate the asymptotic covariance matrix of the GEE estimators

are given as follows;

Var(β̂) = Â−1B̂Â−1 (5.14)

where Â =

(∑n
i=1 D̂

T
i V̂

−1
i ŴijkD̂i

)−1

and B̂ =

(∑n
i=1 D̂

T
i V̂

−1
i ŴijkĈov(Yi)V̂

−1
i ŴikD̂i

)−1

and Cov(Yi) = (Yi − ̂̂µ)(Yi − ̂̂µ)T

5.4 Application: Malawi Longitudinal Study of Families and Health

In this example, the interest is to estimate the effect of HIV positivity awareness on condom

use and multiple sexual partners (j = 1, 2) reported at each year of study 2004, 2006, 2008,
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2010, and 2012, 2013, 2017, 2018 and 2019 (k = 0, 1, 2, 3, . . . , 8).The marginal structural

model for multiple outcomes was fitted using a logit link function from the MLSFH for the

two binary outcomes as a function of HIV status awareness and time under the strongly

ignorable assumption as follows:

logit(Pr(Yijk = 1|HIV awareness, k)) = β1jHIV awarenessi + β2jk (5.15)

where Yijk is the the jth outcome, j = 1 for condom use and j = 2 for two or more part-

ners, of the ith individual at time k. We assumed two Kronecker correlation structures and

denoted the the serial correlation structure as Rk(α) and the between-outcome correlation

structure as Rj(τ). The causal parameters from the marginal model in equation 5.15 were

estimated under the following assumed working correlation structures combination; ex-

changeable between-outcome and exchangeable serial correlation structures; exchangeable

between-outcome and AR(1) serial correlation structures; unstructured between-outcome

and exchangeable serial correlation structures; unstructured between-outcome and AR(1)

serial correlation structures, see Table 5.3. Only one correlation parameter was estimated

for the unstructured correlation structure (J(J − 1)/2). We fitted the multivariate model

taking into account the inverse propensity treatment weights to control for confounding.

We estimated the stabilized weights by first fitting a binary logistic regression model

for exposure HIV positivity awareness as a function of all baseline, time-varying, and

outcome-specific confounders for each outcome using the IPW package in R. A partner’s

HIV status knowledge was considered as the outcome-specific confounder for condom use,

and self-efficacy for multiple sexual partners. The final weight was obtained as a product

of outcome-specific weights.
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We assessed the statistical approach in terms of the association with and without stabilized

weights for comparison purposes, where the dependence between outcomes is modelled by

specifying a working correlation structure. The causal parameter for the proposed methods

was estimated using the joint generalized estimating equation solver package JGEE in R

where both working correlation structures are specified (Inan & Yucel, 2017). We modified

the JGEE source code to incorporate the stabilized weights in the estimation as initially,

this was undefined.
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5.4.1 Results

Table 5.1: Estimates for a bivariate logistic regression model without IPTW

Odds ratio 95% Conf. Int Std.Error

Outcome: Condom use

Intercept 0.19 (0.18, 0.21) 0.03

HIV aware (HIV negativity vs HIV positivity) 2.53** (2.05, 3.11) 0.11

Gender (women vs men) 1.55** (1.37, 1.76) 0.07

Age (in years) 0.95** (0.94, 0.96) 0.003

Wealth (poor vs medium/rich) 1.03 (0.91, 1.17) 0.07

Education level (years) 1.32** (1.09, 1.59) 0.10

Religion (Muslim or other vs Christian) 1.04 (0.91, 1.19) 0.07

Region (North vs Central) 0.67 (0.44, 1.02) 0.22

Region (North vs South) 1.21 (0.80, 1.85) 0.23

Wave 0.87 (0.85, 0.89) 0.01

Outcome: Two or more partners

Intercept 0.25 (0.23, 0.27) 0.04

HIV aware (HIV negativity vs positivity) 1.42** (1.13, 1.77) 0.12

Gender (women vs men) 4.74** (4.17, 5.39) 0.07

Age (in years) 0.97** (0.96, 0.98) 0.002

Wealth (poor vs medium/rich) 0.79** (0.71, 0.88) 0.05

Education level (years) 0.72** (0.62, 0.83) 0.08

Religion (Muslim or other vs Christian) 0.85** (0.76, 0.96) 0.06

Region (North vs Central) 1.31** (1.09, 1.56) 0.09

Region (North vs South) 1.05 (0.87, 1.26) 0.10

Wave 0.68 (0.66, 0.70) 0.02

** p-value <0.001

Conf. Int. - Confidence interval

SE - Standard error
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5.4.2 Generation of IPTWs for multiple outcomes

The stabilized weights for each outcome j were generated as follows;

SWijt =
8∏

t=0

2∏
j=1

P (At = 1|Āt−1,X0)

P (At = 1|Āt−1, X̄t,X0, X̄j)

To account for drop-out (refused to participate, dead, moved out or not eligible) we

generated the dropout weights

CWit =
8∏

t=0

P (Censoredt = 0| ¯Censoredt−1 = 0, Āt,X0)

P (Censoredt = 0| ¯Censoredt−1 = 0, Āt, X̄t,X0, X̄j)

The final weight SWi = SWijt × CWit

Table 5.2: Distribution of inverse probability treatment weights

Mean (SD) Median Interquartile range Min Max

Stabilized 1.01 (0.13) 1.01 (0.99, 1.01) 0.1 2.60

LTFU weights 0.99 (0.07) 1.00 (0.99, 1.01) 0.33 1.85

Final weights 1.00 (0.14) 1.00 (0.99, 1.01) 0.1 2.53

5.4.3 Proposed MSM

Table 5.3 presents estimates for the proposed methods (bivariate MSM-IPTWs). We

observe from Table 5.3 a positive effect of HIV positivity awareness on condom use. In-

dividuals aware of their HIV positivity were more likely to use condoms than those aware

of their HIV negativity. There was no significant causal association between awareness

of HIV positivity and multiple sexual partners. Furthermore, the estimates obtained us-

ing the stabilized weights differed significantly from those obtained without the weights.

142



The difference was mainly observed when the assumed working correlation structure was

unstructured and exchangeable for the between-outcome correlation and first-order autore-

gressive (AR(1)) for the within-subject correlation. The estimates for the causal effects

had smaller standard errors when the IPTW were considered, even though the estimates

were slightly similar to those when control for confounding using IPTW is ignored. Fur-

thermore, a comparison of the causal estimates for the univariate causal methods to the

proposed methods has shown that the estimated standard errors and awareness of HIV

positivity effects were smaller for the proposed methods resulting in a more significant

causal association than those obtained using the univariate methods.

5.4.4 Sensitivity analysis

The causal associations for the proposed methods after considering the stabilized weights

presented in Table 5.3 have been obtained under the assumption of no unmeasured con-

founders. (VanderWeele et al., 2020) suggested the use of the E-value approach when

dealing with multiple outcomes that are repeatedly measured. Therefore, we assessed the

robustness of the estimated causal associations from unmeasured confounding using the

E-value statistics for an estimated odds ratio. Table 5.4 presented the E-value statistics for

the point estimates of the causal associations when the within-subject correlation was as-

sumed to be AR(1), and the between-outcome correlation was assumed to be exchangeable

as shown in Table 5.3. We observed that the estimated causal effcet for condom use was

more robust to unmeasured confounding than the estimates for multiple sexual partners.
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Table 5.4: E-value to assess robustness to unmeasured confounding for the causal effect of
HIV status awareness on condom use and multiple partners

Outcome
E-value for

point estimate

E-value for

LL of CI

Condom use

HIV positivity 2.16 1.85

Two or more partners

HIV positivity 1.48 1.00

LL - Lower limit

CI - Confidence Interval

E-value parameters calculated as a function of the adjusted odds ratio

(OR) for the effect of HIV positivity awareness on the outcomes

Furthermore, a sensitivity analysis was also conducted to assess the influence of dropping

the confounders in changing the estimated effect. From Figure 5.1, we observe that

dropping age in years, years of education, and all the confounders at once would result

in a change in the estimated effect of awareness of HIV positivity on condom use. If all

covariates were dropped it would change the effect drastically. Hence, it was important to

include these variables in the IPTWs.
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Figure 5.1: Confounder influence on the estimated effect of HIV positivity awareness on
condom use. Source: Researcher (2023)

5.5 Summary

This chapter has proposed a statistical approach to estimate treatment effect for longitudinal

observational data with multiple outcomes. The proposed method takes into account

the within and between-outcome correlations. A modified inverse probability treatment

weights have been used to control for time-varying confounders, the exposure history,
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and outcome-specific confounders. We have illustrated the application of the proposed

method on the Malawi Longitudinal Study of Families and Health to estimate the effect of

HIV positivity awareness on condom use and multiple sexual partners. We find that HIV

positivity awareness is associated with condom use. However, using the proposed methods

the estimates of the standard errors were smaller compared to the standard univariate

longitudinal models. The proposed method can be implemented using available software

with a slight modification to incorporate the weights.
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CHAPTER 6 : Discussion and Conclusion

This Ph.D. research has studied causal inference methods that could be used to estimate

treatment effects in longitudinal observational studies with multiple outcomes. The

studied methods go beyond the recent development in univariate causal inference for

longitudinal studies. Our proposed methods have been built around the Marginal Struc-

tural Models with inverse probability treatment weights (MSM-IPTWs). The IPTWs

have been re-defined as a product of the inverse weights at each time point. The

IPTWs have been generated by modelling treatment as a function of prior treatments,

baseline, time-varying and outcome-specific confounders. The effect estimates for the

MSM-IPTWs have been estimated using generalised estimating equations and accounted

for the dependency within and between the outcomes. The method’s utility has been

demonstrated through an application to estimate the effect of HIV positivity awareness

on condom use and multiple sexual partners using the Malawi Longitudinal Study of

Families and Health (MLSFH).

The results have shown that awareness of HIV positivity was associated with condom

use and multiple sexual partners. Individuals aware of their HIV positivity are more

likely to use a condom and have reduced multiple sexual partners. Both estimates of the

effects and their associated standard were smaller under the proposed methods than the

standard bivariate methods. However, the actual substantive effects were not affected as

presented in a recent study for univariate longitudinal outcomes
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(Twabi, Manda, Small, & Kohler, 2022). These results of the effect of HIV positivity

awareness on sexual behaviour have been found in public health literature (Jewkes et

al., 2006; Fedor et al., 2015; Anglewicz, 2012; Anglewicz & Clark, 2013; Adedimeji

et al., 2015; George et al., 2019). Thus, this could indicate that our proposed methods

correctly adjusted for the confounders and the dependency structure within and between the

outcomes. Some studies have shown that using standard covariate adjustment methods may

overestimate treatment effects when dealing with longitudinal data as covariate adjustment

can block the indirect effect of time-varying exposures on the outcomes (Robins, 1997;

Robins, Greenland, & Hu, 1999; Imai & Ratkovic, 2015; VanderWeele et al., 2020).

IPTWs are known to appropriately adjust for confounding and consistently estimate the

treatment exposure effects of MSMs under the ignorability assumption (exchangeability, no

unmeasured confounders and positivity) (Robins, 1997; Hernan et al., 2000; Robins, 2000;

Hernan et al., 2002; Cole & Hernán, 2008; Robins & Hernan, 2009). For our proposed

methods, the IPTWs have been used to control for time-varying treatments and confounders

(Robins, 1997; VanderWeele, 2009; Naimi et al., 2017). Estimating treatment exposure

effects for multiple outcomes using a marginal structural model with inverse probability

treatment weights has been done in (Moodie et al., 2014) and (Agogo et al., 2019). Moodie

et al. (2014) used a semi-parametric survival method to obtain cause-specific hazard ratios

and did not specifically capture the complex dependency structure. Agogo et al. (2019) used

a shared random effect model with IPTWs to jointly model binary longitudinal outcomes.

However, they did not account for time-varying and outcome-specific confounders. In

both studies, simulations were performed and showed the efficiency of the IPTWs in

estimating treatment exposure effects for multiple outcomes. Thus, our proposed methods
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are suitable for estimating exposure effects as we combine methods that account for both

confounding and the dependency structure within and between the outcomes. Since, we

used the MSM-IPTWs under the assumption that there are no unmeasured (which is not

testable), it is important to conduct sensitivity analyses tests to explore the impact of

unobserved confounding or other sources of bias that can distort the estimated treatment

effects. Through sensitivity analyses one can better understand the robustness of the causal

conclusions and provide more reliable and informative results (Brumback, He, Prasad,

Freeman, & Rheingans, 2014; VanderWeele & Ding, 2017; Rosenbaum, 2002). Apart from

the IPTWs used to control for confounding, the instrumental variable (IV) approach is one

option for controlling for measured and unmeasured confounders. It involves by finding a

third variable that is directly associated with the exposure and indirectly associated with

the outcome through the exposure but not associated with any confounders. By satisfying

certain assumptions, the IV approach can estimate the causal effect of the exposure on the

outcome while controlling for confounding (Sainani, 2018).

For longitudinal data with multiple outcomes, it is difficult to specify the full joint likeli-

hood to estimate treatment effects. Thus, generalised estimating equations are commonly

used (Liang & Zeger, 1986) as they are also computationally efficient when the multiple

outcomes are non-normal (Liang et al., 1992; Zeng & Cook, 2007). For our proposed

methods, the dependency between and within the outcomes has been accounted for by

specifying a working correlation matrix using a Kronecker product to reduce the number

of covariance parameters to estimate. However, studies found that the Kronecker product

may be restrictive and sensitive to misspecification. It may also be computationally in-

tensive to estimate the parameters for an unstructured correlation structure (Lu, Xue, &
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Hu, 2020; Verbeke et al., 2014). Cho (2016) used a quadratic inference function (QIF) to

improve the efficiency of estimating parameters for multivariate marginal models. One of

the advantages of the QIF is that it can be used for multiple outcomes of different scale

types. Furthermore, it readily accounts for the complex correlation structure without es-

timating the correlation parameters and specifying the likelihood functions. Even though

the Kronecker product may have some limitations, studies have shown that multivariate

regression methods that account for the complex dependency structure for multivariate

longitudinal studies provide more accurate and precise estimates than methods that treat

each outcome separately (Verbeke et al., 2014; Cho, 2016; Inan & Yucel, 2017; Fieuws &

Verbeke, 2006).

Most marginal structural models assume that the treatment exposure is fixed and does not

change over time (Robins, 1997; VanderWeele, 2009; VanderWeele et al., 2016). For the

application of our proposed methods on the HIV behavioural study, an individual may not

be aware of their positive HIV status. Once aware of their HIV positivity, they remain aware

of a positive HIV status. Our proposed methods specified the treatment exposure history

as a total awareness of HIV positivity over time. The estimate quantified the cumulative

exposure effect (linear combination of awareness of HIV positivity at different time points)

on the outcomes. Most studies that have used the MSM have considered the most recent

treatment exposure status on the outcome at the end of a study period (Tsai et al., 2010;

Yang et al., 2015; Danaei, Rodrı́guez, Cantero, Logan, & Hernán, 2013). Most of these

studies have used the IPTWs to control for time-varying confounders to avoid blocking the

indirect effects of the exposure. The challenge with using the recent exposure while using

stabilised IPTWs to control for past confounders may bias the exposure effects because
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the status of the previous exposure is not balanced between the recent treatment exposure

groups (Lipkovich, Mallinckrodt, & Faries, 2012). The exposure plan can be specified as

an estimate of the average effect on the outcomes in the follow-up period. It can further

be specified as never treated, always treated, treated every other time point, or treated after

four-time points (Platt, Brookhart, Cole, Westreich, & Schisterman, 2013; Hernan et al.,

2000; Robins, 2000).

Marginal or conditional models are commonly used to model multivariate longitudinal data

(Brobbey et al., 2021). In these models, confounder control is mainly done through covari-

ate adjustment. However, covariate adjustment could be limited when the outcome model

is misspecified or when the covariates adjusted are non-linear (Kahlert et al., 2017), hence,

the presence of residual confounding. For our proposed methods, we used a marginal

model for the potential outcomes with IPTWs to estimate the average treatment effects

of HIV positivity awareness and control for confounding. Standard statistical balancing

techniques include propensity score techniques (matching, weighting, subclassification)

(Austin & Mamdani, 2006; Austin, 2008; Stuart, 2010; Austin, 2014; Austin & Stuart,

2017) could also be used to control for confounding at each time point. Other balancing

approaches that could have been used include calibrated inverse probability weights and

instrumental variable approaches that control for both measured and unmeasured con-

founders (Tan, 2010b; Kalia, Saarela, Escobar, Moineddin, & Greiver, 2023; Michael,

Cui, Lorch, & Tchetgen, 2020; Cui, Michael, Tanser, & Tchetgen Tchetgen, 2023). For the

MSM-IPTWs in our proposed methods, the selection of important confounder variables to

include in the treatment model could have been done using machine learning techniques,

such as boosted regression (McCaffrey et al., 2013), random forests and neural networks
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(McConnell & Lindner, 2019; Karim, Platt, & Group, 2017). The IPTWs we have used for

our proposed methods are prone to misspecification if the treatment model is not correctly

specified (Cole & Hernán, 2008). In recent studies, doubly robust weighted techniques are

used to avoid misspecification of the treatment model (Tan, 2010a; Funk et al., 2011). The

approach generates weights that specify both the outcome and treatment model, and either

should be correctly specified (Cao et al., 2009; Tu, Koh, & Jiao, 2013).

Our proposed methods have used a marginal modelling approach, where a marginal mean

model has been specified for each outcome. The causal effects have been estimated using

weighted estimating equations, and the dependency between and within the outcomes has

been accounted for through a working correlation matrix (J. Roy, Lin, & Ryan, 2003). How-

ever, conditional models such as the generalised linear mixed model, where the correlation

between the outcomes is captured using unobserved random effects, could be used in esti-

mating effects as in Agogo et al. (2019). One of the challenges with using the generalised

linear mixed-effects models is that the full likelihood should be specified (Laird & Ware,

1982). As the number of multiple outcomes increases, the number of random effects may

increase if the mixed-effects model does not assume a shared unobserved factor between

the outcomes. Thus, the random-effects methods are more likely to face computational

challenges (Cho, 2016; Inan & Yucel, 2017). One could jointly model the outcomes using

a pairwise joint modelling approach where the joint models for all outcome pairs are fit

and combined (Fieuws & Verbeke, 2006; Bai, Zhong, Gao, & Xu, 2020).
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6.1 Strengths and Limitations of the study

Our proposed methods of integrating marginal structural models and inverse probability

treatment weights (MSM-IPTWs) have been used to estimate HIV positivity awareness on

condom use and multiple sexual partners. The proposed methods could be implemented

in statistical software with a bit of adjustment. Unlike previous studies (Hernan et al.,

2000, 2002; Tsai et al., 2010; Imai & Ratkovic, 2015; Bodnar, Davidian, Siega-Riz,

& Tsiatis, 2004; VanderWeele, 2017; VanderWeele et al., 2016), our proposed method

has integrated three statistical approaches that involve time-varying effects, time-varying

confounders, the possible dependency between and within multiple outcomes in one single

model. The IPTWs have been used to control for confounders in estimating the effects

under the assumption of no unmeasured confounders. However, not all confounders were

measured, which could be a limitation of the results. Furthermore, some of the important

data were missing, and we did not account for the missingness in the analysis. This could

be another limitation to the results of our proposed methods. Regarding methodology

limitations, using the IPTWs was subjective as it only controls for measured confounders.

The treatment model used to generate the weights and propensity scores can be prone

to misspecification if some variables, including interactions, are omitted. Our proposed

method employed a Kronecker product to account for the between and within outcome

correlations. However, other approaches that account for the correlation using unobserved

random effects through a generalised multivariate linear mixed model could have been

used.
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6.2 Future research directions

Future studies of similar methods could look at different balancing options, for example,

propensity score matching, generalised propensity scores, doubly robust weighting meth-

ods, and instrumental variable approaches. In terms of estimating the treatment exposure

effects, the G-estimation, G-computation and Bayesian approaches methods(Vansteelandt,

Joffe, et al., 2014; Dukes & Vansteelandt, 2018; Robins, 2000; Picciotto & Neophytou,

2016; Naimi et al., 2017) could be used. Further work could look at different correlation

structures, for example, where the serial correlation can depend on the distribution of the

data points and the cross-correlation between outcomes at different time points.
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APPENDIX

A Estimates of HIV positivity awareness effects using Unstabilized weights

Table 1: Estimates of the effect of awareness of HIV positivity on risky sexual behavior
using unstabilized weights

(a) Effect on condom use

Awareness of HIV status Odds ratio 95% CI p-value

HIV negativity 1.00

HIV positivity 2.87 (1.67, 4.95) <0.001

(b) Effect on multiple sexual partners

Awareness of HIV status Odds ratio 95% CI p-value

HIV negativity 1.00

HIV positivity 0.94 (0.48, 1.84) 0.85

95% Confidence Interval
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Table 2: Estimates, bias and 95% Coverage for the exposure effect on three continuous
outcomes with same covariates. β0=-1.1, β1=0.5

Sample size Model β̂0 β̂1 Bias (β̂0) Bias (β̂1) 95% Cov (β̂0) 95% Cov (β̂1)

ρ=0

Univariate -1.097 0.498 -0.0035 0.0018 94.8 95.7

Multivariate -1.102 0.502 0.0016 -0.0016 93.2 95.5

Shared -1.098 0.499 -0.002 0.002 94.4 95.3

n=200 Marginal -1.098 0.499 -0.002 0.002 94.4 95.3

Latent -1.098 0.316 -0.002 0.184 53.8 50.4

Univariate -1.105 0.509 0.0047 -0.0094 94.2 95.7

Multivariate -1.105 0.509 0.0047 -0.0094 94.1 95.7

Shared -1.000 0.500 -0.0003 -0.0003 93.9 95.5

n=500 Marginal -1.100 0.500 -0.0003 -0.0003 93.9 95.5

Latent -1.100 0.314 0.000 0.186 15.7 12.5

Univariate -1.1005 0.5005 0.0005 -0.0005 96.2 95.7

Multivariate -1.1005 0.5005 0.0005 -0.0005 96.0 95.7

Shared -1.101 0.502 0.0007 -0.002 94 96.1

n=1000 Marginal -1.101 0.502 0.0007 -0.002 94 96.1

Latent 1.101 0.315 0.001 1.0 0.7 0.9

ρ=0.3

Univariate -1.097 0.496 -0.0034 0.0041 93.8 95.8

Multivariate -1.097 0.496 -0.0034 0.0041 93.5 94.4

Shared -1.099 0.499 -0.001 0.001 93.4 95.5

n=200 Marginal -1.099 0.499 -0.001 0.001 93.4 95.5

Latent -1.099 0.258 -0.001 0.242 94.5 49

Univariate -1.1054 0.511 0.0054 -0.011 94 96.2

Multivariate -1.104 0.509 0.0035 -0.0086 93.6 91.4

Shared -1.101 0.504 0.001 -0.004 96.2 94.3

n=500 Marginal -1.101 0.504 0.001 -0.004 96.2 94.3

Latent -1.101 0.259 0.001 0.241 90.2 11.0

Univariate -1.0995 0.5014 -0.0005 -0.0014 96 95.4

Multivariate -1.0995 0.501 -0.0005 -0.001 95.2 90.4

Shared -1.099 0.499 -9.00E-04 8.00E-04 96 95.4

n=1000 Marginal -1.099 0.499 -9.00E-04 8.00E-04 96 95.4

Latent -1.099 0.257 0.001 0.244 95.8 0.1

ρ = 0.8

Univariate -1.100 0.500 0.0002 -0.0002 93.6 94.8

Multivariate -1.100 0.500 0.0002 -0.0002 97.1 96.6

Shared -1.099 0.499 -0.002 0.002 93.6 94.4

n=200 Marginal -1.099 0.499 -0.002 0.002 93.6 94.4

Latent -1.097 0.249 -0.002 0.251 93.2 32.5

Univariate -1.1021 0.5044 0.0021 -0.0044 94.1 95.8

Multivariate -1.1035 0.5086 0.0035 -0.0086 95.6 92.4

Shared -1.102 0.505 0.002 -5.00E-03 94.1 95.8

n=500 Marginal -1.102 0.505 0.002 -5.00E-03 94.1 95.8

Latent -1.102 0.253 0.002 0.248 94.3 2.3

Univariate -1.099 0.499 0.0009 0.0008 94.8 95

Multivariate -1.099 0.4999 -0.001 0.0001 94.7 95.4

Shared -1.099 0.499 -1.00E-03 0.001 94.9 95.1

n=1000 Marginal -1.099 0.499 -1.00E-03 0.001 94.9 95.1

Latent -1.099 0.250 -0.001 0.251 95.1 0.0157



Table 3: Estimates, bias and 95% Coverage for estimated effects for three binary outcomes
with same covariates. β0=1.0, β1=-0.2

Sample size Model β̂0 β̂1 Bias (β̂0) Bias (β̂1) 95% Cov. (β̂0) 95% Cov. (β̂1)

ρ=0

Univariate 1.711 -0.3756 -0.711 0.176 92.7 93.8

Multivariate 0.973 -0.233 -0.053 -0.018 94.5 88.4

Shared 1.011 -0.199 -0.011 -0.002 93.7 94.2

n=200 Marginal 0.997 -0.196 0.003 -0.004 95.7 94.3

Latent 0.998 -0.091 0.002 -0.109 94.3 90.2

Univariate 1.668 -0.341 -0.668 0.1414 89.2 88.5

Multivariate 1.059 -0.187 -0.053 0.070 91.0 88.3

Shared 1.012 -0.203 -0.012 0.0025 91.3 88.9

n=500 Marginal 1.003 -0.201 -0.0027 0.0008 98.5 95.6

Latent 1.003 0.045 -0.003 -0.244 98.3 93.7

Univariate 1.669 -0.355 -0.669 0.155 83.6 85.1

Multivariate 1.059 -0.187 -0.053 0.070 91.0 90.4

Shared 1.007 -0.201 -7.00E-03 0.0008 93.8 95.7

n=1000 Marginal 1.001 -0.200 5.00E-04 2.00E-04 95.3 97.8

Latent 1.001 0.053 0.000 -0.253 97.7 92.9

ρ = 0.3

Univariate 1.699 -0.371 1-0.699 0.171 92.7 91.5

Multivariate 1.037 -0.251 -0.037 0.051 89.8 92.5

Shared 1.224 -0.248 -0.224 0.048 91.9 91.8

n=200 Marginal 1.011 -0.207 -0.011 7.00E-03 93.7 92.4

Latent 1.026 0.237 -0.026 -0.437 98.4 93.4

Univariate 1.688 -0.363 -0.688 0.1626 90.4 90.8

Multivariate 1.040 -0.178 -0.040 0.0216 92.4 82.3

Shared 1.213 -0.237 -0.213 0.037 88.5 89.8

n=500 Marginal 1.000 -0.199 0.000 -1.00E-03 98.5 93.6

Latent 1.142 -0.115 -0.142 -0.085 94 93

Univariate 1.674 -0.35 1-0.674 0.151 84.8 83

Multivariate

Shared 1.211 -0.243 -0.211 0.043 80 78.7

n=1000 Marginal 1.000 -0.204 1.00E-04 0.004 99.5 92.1

Latent 1.876 -0.177 -0.876 -0.033 92 94.2

ρ = 0.8

Univariate 1.702 -0.378 -0.702 0.1776 93.5 93.1

Multivariate 1.027 -0.163 -0.0267 -0.0374 90.5 83.2

Shared 3.917 -0.522 -2.917 0.322 88.2 91.1

n=200 Marginal 1.020 -0.212 -0.020 0.012 94.1 93.7

Latent 1.717 0.631 -0.717 -0.831 90.6 83.4

Univariate 1.669 -0.338 -0.669 0.138 90.2 89.4

Multivariate 1.006 -0.212 -0.0063 0.0123 95.3 92.4

Shared 3.674 -0.527 -2.674 3.27E-01 84.7 82.9

n=500 Marginal 1.003 -0.203 -0.004 3.00E-03 93.6 90.5

Latent 1.657 0.703 -0.657 -0.903 89.2 10.8

Univariate 1.623 -0.356 -0.6725 0.1563 83.8 84.4

Multivariate - - - - - -

Shared 3.416 -0.560 -2.42E 0.359 66.2 67.2

n=1000 Marginal 1.000 -0.204 0.0001 0.004 96.7 95.2

Latent 1.642 0.720 -0.642 -0.920 91.8 86158



B R source code for Chapter 5

#######################################Data arrangement

####################

#Reshape data

data_long <- melt(data, id.vars = c("id","wave","age_cont",

"edn_yr","religion", "region", "incentive", "gen","

aware"),

measure.vars = c("part","con"), variable.name="category",

value.name="Y")

data2<-within(data_long, {

D1<-as.integer(category =="con")

D2<-as.integer(category== "part")

})

#Stabilized weights for condom use

sw1 <- ipwtm(exposure = aware,

family = "binomial",

link = "logit",

numerator = ˜ factor(gen) +factor(wealth_cat) +factor

(region) + factor(religion) + factor(incentive) +

factor(perceived_part_hiv) +factor(marr)+factor(

aids_info),

denominator = ˜factor(gen) +factor(wealth_cat) +

factor(region) + factor(religion) + factor(

incentive)+edn_yr +factor(perceived_part_hiv) +
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factor(marr) +factor(aids_info),

id = id,

timevar=wave,

type="first",

data = data2)

#Create censoring weights

lw <- ipwtm(exposure = ltfu_new,

family = "binomial",

link = "logit",

numerator = ˜ factor(aware)+factor(gen) +factor(

wealth_cat)+factor(perceived_part_hiv)

+factor(region) + factor(religion) + factor(incentive

) +factor(marr)+factor(aids_info),

denominator = ˜factor(aware)+factor(gen) +factor(

wealth_cat)+factor(perceived_part_hiv)

+factor(region) + factor(religion) +edn_yr +factor(

marr) +factor(aids_info),

id = id,

timevar=wave,

type="first",

data = data2)

lw<-lw$ipw.weights

#Create final weight
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fwt = sw1*lw

data2 <-cbind(data2, fwt)

#Fit model using JGEE, with a bit of modification

#in the source file to incorporate the weights

#Variables of interest

vars <- c("age_cont", "edn_yr", "wealth_cat", "religion", "

region",

"perceived_part_hiv", "incentive", "distvct", "

gender", "aids_info", "like_hiv")

#outcome model formula

outcome_frm <- as.formula(paste("Y˜0+D1:factor(aware)+D2:

factor(aware) + ", paste(vars, collapse = "+"))

)

outcome_mod<-JGee1(formula=outcome_frm,id=id,data=data2,nr

=2,na.action=NULL, family=binomial(link="logit"),

corstr1="AR-1", Mv=NULL, corstr2="unstructured", beta_

int=NULL, R1=NULL, R2=NULL, scale.fix=FALSE, scale.value

=1, maxiter=30, tol=10ˆ-3, silent=FALSE, weights =fwt)
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Abstract

Background: Several studies have shown that maternal HIV infection is associated with adverse pregnancy
outcomes such as low birth weight and perinatal mortality. However, the association is conflicted with the effect of
antiretroviral therapy (ART) on the pregnancy outcomes and it remains unexamined. If the association is confirmed
then it would guide policy makers towards more effective prevention of mother to child HIV transmission
interventions. Using methods for matching possible confounders, the objectives of the study were to assess the effect
of maternal HIV infection on birth weight and perinatal mortality and to investigate the effect of ART on these two
pregnancy outcomes in HIV-infected women.

Methods: Data on 4111 and 4759 children, born within five years of the 2010 and 2015-16 Malawi Demographic and
Health Surveys (MDHS) respectively, whose mothers had an HIV test result, were analysed. A best balancing method
was chosen from a set of covariate balance methods namely, the 1:1 nearest neighbour (NN) matching, matching on
the propensity score (PS) and inverse weighting on the PS. HIV and ART data were only available in the MDHS 2010,
permitting an assessment of the moderating effect of ART on the association between maternal HIV infection and
birth weight and perinatal mortality.

Results: The overall average birth weight was 3227.9g (95% CI: 3206.4, 3249.5) in 2010 and 3226.4g (95%: 3205.6,
3247.2) in 2015-16 and perinatal mortality was 3.8% (95%: 3.2, 4.3) in 2010 and 3.5% (95%: 2.8, 3.8) in 2015-16. The
prevalence of HIV among the mothers was 11.1% (95%: 10.1, 12.0) and 9.2% (95% CI: 8.4, 10.1) in 2010 and 2015-16,
respectively. In 2010, maternal HIV infection was negatively associated with birth weight (mean= -25.3g, 95% CI:(-95.5,
-7.4)) and in 2015-16 it was positively associated with birth weight (mean= 116.3g, 95% CI:(27.8, 204.7)). Perinatal
mortality was higher in infants of HIV-infected mothers compared to infants of HIV-uninfected mothers (OR = 1.5, 95%
CI:(1.1 - 3.1)) in 2010, while there was no difference in the rate in 2015-16 (OR = 1.0, 95% CI:(0.4, 1.6)). ART was not
associated with birth weight, however, it was associated with perinatal mortality (OR=3.9, 95% CI:(1.1, 14.8)).

Conclusion: The study has found that maternal HIV infection had an adverse effect on birth weight and perinatal
mortality in 2010. Birth weight was not dependent on ART uptake but perinatal mortality was higher among infants of
HIV-infected mothers who were not on ART. The higher birth weight among HIV-infected mothers and similarity in
perinatal mortality with HIV-uninfected mothers in 2015-16 may be indicative of successes of interventions within the
PMTCT program in Malawi.
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Background
Maternal HIV infection has been shown to be associated
with increased rates of adverse pregnancy outcomes such
as low birth weight (LBW) (weighing less than 2500g at
birth) and increased perinatal and early neonatal mortal-
ity [1–8]. The adverse impacts are largely due to maternal
and obstetric complications among HIV-infected women
[9, 10]. Nearly 20.5 million infants globally were born
with low birth weight in the year 2015 [11]. Studies have
shown that low birth is associated with high levels of child
morbidly and mortality [12]. Infant mortality and morbid-
ity persist in sub-Saharan African (SSA) region in which
the HIV prevalence among pregnant women is high [13].
Identifying important and modifiable factors that influ-
ence LBW and perinatal mortality in a population with
a high HIV burden, improves understanding of the path-
ways underlying the association between maternal HIV
infection and pregnancy outcomes. In addition, it pro-
vides supporting scientific evidence for possible preven-
tion and intervention within the Prevention ofMother-to-
child HIV transmission (PMTCT) programme.
A growing number of studies have shown conflicting

evidence on the association between maternal HIV and
adverse pregnancy outcomes such as LBW. Some studies
have shown that antiretroviral therapy (ART) amongHIV-
infected mothers is associated with adverse outcomes
such as low birth weight (LBW), intrauterine growth
restriction (IUGR), preterm delivery (PTD) and stillbirths
[14–18]. On the other hand, several studies have found
that sustained intake of ART among HIV-infected moth-
ers reduces adverse pregnancy outcomes such as still-
births, low birth weight and prematurity [16, 19]. Despite
the disparity in the evidence, statistical methods can be
used to determine the moderating effect of ART on the
association between maternal HIV-infection and birth
weight and perinatal mortality.
Most of the evidence on the association between mater-

nal HIV and pregnancy outcomes comes from observa-
tional studies. However, establishing the impact of mater-
nal HIV infection on birth weight and perinatal mor-
tality is challenging because there could be other pur-
ported factors besides maternal HIV infection associated
with pregnancy outcomes. The presence of confound-
ing factors misrepresents the impact of maternal HIV
infection on pregnancy outcomes as the distribution of
these factors may be different between HIV-infected and
HIV-uninfected mothers. Maternal anaemia, genitouri-
nary tract infection in pregnancy, hypertension, history
of birth weight and birth order are some of the fac-
tors known to be associated with pregnancy outcomes
[14–17, 20–22]. Additionally, socio-economic and envi-
ronmental factors such as maternal education, mater-
nal age, poverty levels, air pollutants and smoking are
associated with pregnancy outcomes [22–26]. To ensure

comparability between HIV-infected and HIV-uninfected
mothers, a randomised control trial (RCT) would ide-
ally need to be conducted. However, since most HIV
studies are observational, using methods developed by
Rosenbaum and Rubin [27], one could achieve the same
task of balancing confounder variables between HIV-
infected and HIV-uninfected mothers. For example, one
such method is based on Propensity Score (PS) match-
ing, which aims to emulate the randomisation procedure
of RCTs, as the distribution of measured confounders
between exposure groups is made similar by using the PS
[27–33, 33–35].
Ascertaining the association between maternal HIV

infection and birth weight and perinatal mortality could
be conflicted by the association between ART and the
outcomes in HIV-infected mothers. The study therefore
aimed at assessing the effect of maternal HIV infection
on birth weight and perinatal mortality, and to investi-
gate the effect of ART on the two pregnancy outcomes
in HIV-infected women. This was done within an appro-
priate application of causal inference statistical methods
to balance a set of confounder variables. The associa-
tion between maternal HIV infection and birth weight
and perinatal mortality with and without controlling for
ART uptake in a high HIV epidemic and ART uptake
population, remains largely untested. Confirmation of
these associations would help policy makers obtain robust
evidence-based findings that would assist in providing
effective prevention of mother to child HIV transmission
(PMTCT) interventions.

Methods
Study data
The data from this study were obtained from the 2010
and 2015-16 Malawi Demographic and Health Surveys
(MDHS). These are nationally representative household
surveys that provide data for a wide range of popula-
tion, health, and nutrition indicators in low-income and
middle-income (LIMICs). The Demographic and Health
Surveys are implemented by the Demographic Health Sur-
vey Programme which is funded by the United States
Agency for International Development (USAID). The two
Malawian surveys provided up-to-date information on
current HIV trends, child health and nutrition. Addi-
tionally, the 2010 survey provided information on ART.
Parents of infants included in the surveys had signed
an informed consent. Details of the sampling design for
the MDHS can be obtained from the 2010 and 2015-16
reports [36, 37]. The study analyzed data on 4,111 and
4,759 children born to mothers who had an HIV result
during the respective surveys. The outcome variables of
interest generated were: Birth weight (grams) and perina-
tal mortality (0= Alive 1= Dead). The exposure variable
of interest was mothers’ HIV-infection status (0 = HIV
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negative, 1 = HIV positive). The moderator variable was
ART status among HIV-infected mothers (0 = Not on
ART, 1 = On ART) using the 2010 MDHS. The effect
estimates were obtained for the effect of maternal HIV
infection on birth weight and perinatal mortality.
From the surveys, the overall average birth weight was

3227.9g (95% CI: 3206.4, 3249.5) and 3226.4g (95% CI:
3205.6, 3247.2) in 2010 and 2015-16, respectively. In
2010 the mean birth weight of children born to HIV-
infected and HIV-uninfected mothers was 3196.6g (95%
CI: 3125.3, 3267.9) and 3231.4g (95% CI: 3208.8, 3254.0),
respectively. While in 2015-16, the mean birth weight was
3276.4g (95% CI: 3203.6, 3349.1) for children born to HIV-
infected mothers and 3221.4g (95% CI: 3199.7, 3243.1)
for children born to HIV-uninfected mothers. Perinatal
mortality was recorded as 38 deaths per 1000 live births
and 35 deaths per 1000 live births in 2010 and 2015-16,
respectively. In 2010, 11.1%(95% CI: 10.1, 12.0) mothers
were HIV-infected and 88.9%(95% CI: 88.0,90.0) moth-
ers were HIV-uninfected and in 2015-16, 9.2%(95% CI:
8.4,10.1) mothers were HIV-infected and 91.2%(95% CI:
90.4, 91.9) mothers were HIV-uninfected. Perinatal mor-
tality was recorded as 55 per 1000 live births among
HIV-infected mothers and 40 per 1000 live births among
HIV-uninfected mothers in 2010. In 2015-16, perinatal
mortality was recorded as 37 per 1000 live births among
HIV-infected mothers and 31 per 1000 live births among
HIV uninfected mothers.

Maternal HIV-infection data collection
For both the 2010 and 2015-16 MDHS, interviewers col-
lected finger-prick blood specimens from women age
15-49 years and men age 15-54 years who consented to
laboratory HIV testing. The protocol for blood speci-
men collection and analysis was based on the anonymous
linked protocol developed for the DHS Program. This
protocol allows for the merger of HIV test results with
the socio-demographic data collected in the individual
questionnaires after removal of all information that could
potentially identify an individual. Interviewers explained
the procedure, the confidentiality of the data, and the
fact that the test results would not be made available
to respondents [36, 37]. A sub-sample of 7924 and 8271
women were tested for HIV using an ELISA test during
the 2010 and 2015-16 MDHS, respectively. The data set
used in the analysis was children data which was based on
woman and household questionnaires.

Statistical analysis
The maternal HIV infection effect was estimated for birth
weight and perinatal mortality by comparing the out-
comes ATE = E[Yi(1) − Yi(0)] between HIV-infected and
HIV-uninfected mothers across covariates that were con-
sidered as possible confounders using standard statistical

balancing tools. The distribution of the covariates must
not differ across the two HIV groups, so that the effect on
birth weight or on perinatal mortality should be attributed
to HIV infection only, if no other unmeasured confound-
ing is present. Three approaches that balance confounders
were assessed and the best method was chosen to esti-
mate the effect of maternal HIV infection on birth weight
and perinatal death. A brief description of three matching
methods; a combination of exact and nearest neighbour
matching, the propensity score matching and the inverse
probability weighting on the PS are presented in the fol-
lowing subsections. The balancing performance of the
three methods is assessed using the standardised mean
difference (SMD). The method that yielded the best bal-
ance was then used to assess the association between HIV
status on birth weight and perinatal mortality.

Identifying confounders from the data
Several variables were identified from the MDHS data
as potential confounders for the effect of maternal HIV
on birth weight. These include; region, place of resi-
dence, wealth, age, maternal anaemia, smoking status of
a mother, education level, size of child at birth, anaemia,
ever terminated a pregnancy, mothers’ body mass index
(BMI) and marital status. For the effect of maternal HIV
infection on perinatal mortality, we identified residence,
place of delivery, maternal anaemia, size of child at birth,
ever terminated pregnancy, body mass index (BMI), edu-
cation of a mother and wealth as potential confounders. A
list of the variables, that significantly affected HIV infec-
tion status and the pregnancy outcomes for both the 2010
and 2015-16 data, are shown in Table 8 in the Appendix.

Handlingmissing data
The MDHS data had some missing data on important
variables and hence it was essential to control for missing
data. We initially did a visualisation of the missing pat-
tern among our variables of interest as displayed in Table 7
in the Appendix. We noted that the data had more than
10% of missing data. Hence, taking into consideration that
severity may have been affected by missing data, a multi-
ple imputation on the missing data was done for both the
2010 and 2015-16 MDHS dataset. The mice package in R
was used. All further analysis were done on the imputed
data.

Exact and nearest neighbour (NN)matching
Exact matching was used to match observed covariates
between HIV-infected and HIV-uninfected mothers. If we
let i to represent unmatched HIV-infected mothers and j
to be a set of unmatched HIV-uninfected mothers, then
exact matching ensures that for measured covariates X,
Xi = Xj = x [31, 38]. The exact matching was combined
with the traditional nearest neighbour matching, which
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considers the distance metrics between covariates, [39]
to address the problem of increase in dimensionality that
comes with exact matching only on the covariates [40].
The 1 : 3 nearest neighbour matching was used to select
for eachHIV-infectedmother i, three correspondingHIV-
uninfected mothers j with the smallest distance between
them. HIV-infected and HIV-uninfected mothers were
matched on the covariates region, residence, anaemia, age,
body mass index (BMI), size of child at birth and wealth
using the NNmatching for both datasets. Exactmatch was
done on covariates region, ever terminated pregnancy and
mothers’ age.

Matching based on the propensity score (PS)
An alternative to the traditional matching method
between HIV-infected and HIV-uninfected on the covari-
ates is known as a propensity score. The propensity score
[27, 41] is the probability that a subject is HIV-infected
conditional on observed covariates, denoted as;

e(xi) = P(HIV = 1 | xi) (1)

The propensity score was estimated using a multiple
binary logistic regression with exposure (HIV status = 1 or
0) as an outcome variable against potential confounders.
The propensity score, known as a balancing score, can
produce unbiased average treatment effects [27] under
a common assumption known as the strong ignorability
assumption. The model is as follows;

P(HIV Status = 1 | X1) = log
(

π(x)
1 − π(x)

)

= β0 + β1Region + β2mothers age

+ β3residence + β4Wealth

+ β5pregnancy termination

+ β6anaemia + β7birth size + β8BMI

The vector of parameters β were estimated based on the
whole sample. π(x) is the probability of a mother being
HIV-infected (Y = 1). Subjects were 1 : 1 matched
without replacement on the logit of the propensity using
Austin’s [42] recommended caliper of 0.2, as it is known to
produce low mean square error (MSE).

Inverse probability weighting (IPW) based on the PS
The inverse probability weight has been known to per-
form better in controlling confounding unlike matching
on the propensity score [34, 38]. The PS weighting re-
weights HIV-infected and HIV-uninfected mothers by
creating a population that is free frommeasured bias [28].
The inverse of the probability of a mother being HIV-
infected, conditional on covariates in the data (inverse of
the PS) is given by; wi = 1

e(xi) and the inverse of the prob-
ability of a mother being HIV-uninfected, conditional on
covariates is given by wi = 1

1−e(xi) , where e(xi) is the
propensity score. To estimate the HIV effect based on the

weights, we defined the inverse probability weights with
respect to HIV-infection status as;

wi = Ai
e(xi)

+ (1 − Ai)

1 − e(xi)
,Ai = HIV status = 0, 1 (2)

The IPW was estimated as a weight on the PS using
the p-scores obtained for mothers’ HIV status on con-
founders, place of residence, education, wealth quintile,
mothers’ age, employment, whether a mother ever ter-
minated a pregnancy, BMI, region, size of child at birth,
BMI, marital status and maternal anaemia. To estimate
the HIV effect on birth weight and on perinatal mortal-
ity using IPW, a weighted linear regression model and
a weighted logistic regression model was fit using the
inverse probability weights, respectively.

Balance of measured covariates
Statistical comparison among the balancingmethods
The balancing methods were assessed in their abil-
ity to balance the distribution of measured potentially
confounded covariates between HIV-infected and HIV-
uninfected mothers by reducing the standardised mean
difference. The method that produced the smallest abso-
lute standardised difference was then used to estimate the
association of maternal HIV-infection on the outcomes.
The standardised differences compared the prevalence
[43] of the categorical covariates in HIV-infected and
HIV-uninfected mothers, across the measured covariates.
Even though there is no firm agreement on what value
of the standardised difference denotes imbalance between
exposed and unexposed subjects in the matched sam-
ple, the study adopted the decision criterion from some
researchers who proposed that a standardised difference
of 0.1 (10 per cent) denotes meaningful balance in the
measured covariates [44].
In addition to balance checking using the standardised

differences, we tested for balance by sub-classifying the
propensity scores into quintiles. The full sample (HIV-
infectedmothers) was separated into five quintiles defined
by their propensity scores. For the covariates, frequencies
were compared before and after adjusting for propensity
score quintile among HIV-infected and HIV-uninfected
mothers. Specifically, the p-values for HIV status across
the covariates were compared before and after adjust-
ment for propensity score quintile to determine whether
balance on the covariates was achieved.

Moderator analysis
Moderation analysis has been used in various public
health disciplines including studies on HIV [45, 46]. Most
studies have examined the moderating effect of a variable
by considering simple interaction effects [45, 47], while
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others have done moderation analysis using complex sta-
tistical methodologies such as the generalised estimating
equations [46].
In a full moderation setting, one needs all information

of maternal HIV-infection between different levels of ART
status. However, in our study, we are limited in that ART
status was available for only thosemothers who were HIV-
infected. Therefore, we did a partial moderation analysis
that considered the association between ART status and
birth weight and perinatal mortality among HIV-infected
mothers on ART and HIV-infected mothers not on ART.
We conducted an analysis of variance (ANOVA) to test the
difference in mean birth weight between HIV-uninfected
mothers, HIV-infectedmothers onART andHIV-infected
mothers not on ART. The Bonferroni ad hoc test was used
to measure the difference in means. We further tested the
difference in proportion of perinatal mortality between
HIV-uninfected mothers, HIV-infected mothers on ART
and HIV-infected mothers not on ART. We used a logis-
tic regression to assess the effect of ART on perinatal
mortality as a moderating variable.

Assumptions to validate HIV-infection effect
In order to identify the effect of HIV-infection on birth
weight and perinatal mortality from cross-sectional data,
several assumptions must be considered. The first two
unverifiable assumptions are consistency and exchange-
ability (strongly ignorable assumption). The consistency
assumption states that the observed outcome denoted as
Yi is equal to an individuals potential outcome Yi(a), Yi =
Yi(a). The exchangeability assumption states that, con-
ditional on measured covariates, the potential outcomes
are independent of the exposure (Y (1),Y (0)) � A|X. This
implies that once we control for the measured covariates,
we reduce confounding. Therefore, we need to ensure
that all covariates that affect maternal HIV status, birth
weight and perinatal mortality are controlled for. The pos-
itivity assumption states that each subject must have a
non-zero probability of being either HIV-infected or HIV-
uninfected. An additional assumption is the Stable Unit
Treatment Value Assumption (SUTVA) which assumes
independence in the data between the different subjects.
Since the design for the MDHS data follows a multi-stage
cluster sampling, we assume there was no interdepen-
dence between clusters and because the subjects were
randomly selected, hence, reducing selection bias.

Sensitivity analysis
A sensitivity analysis was performed to measure the level
of unobserved confounders that would affect the obtained
estimates. The MDHS data did not include variables that
were likely to influence birth weight and perinatal mor-
tality. Variables such as, clinical factors, mothers diet,
fetal height, were not available in the MDHS and were

considered as unmeasured confounders. A sensitivity
analysis method developed by Rosenbaum et al. [48] was
used. The Hodges-Lehmann test and Wilcoxon Signed
Rank test were used to conduct the sensitivity analysis.
The maximum value of � was set to 1.3 with 0.05 incre-
ments. No unmeasured confounders implies that � = 1.
The rbounds package in R was used to obtain the upper
and lower bounds on the p-value and point estimate [49].

Results
A summary of the distribution of mothers’ baseline char-
acteristics by mothers’ HIV status are shown in Table 1.
Valid data was available for 4,111 and 4,759 under-five
children whose mothers had an HIV test result, for the
2010 and 2015 MDHS, respectively. Analysis was done
to test the effect of maternal HIV-infection on birth
weight and perinatal mortality. From the 2010 data, 316
mothers were HIV-infected, 95 (49.5%) of them were on
ART and 248 (79.5%) were residing in rural areas. Forty
(12.7%) HIV-infected mothers were from the southern
region, 179(56.7%) were aged 25 to 34 years and a third
of them (n=103, 32.6%) were from poor households with
196(62.0%) having had a primary education. One hundred
and twenty (38.7%) HIV-infected mothers had anaemia,
52(16.5%) reported to have ever terminated a pregnancy
and 192(60.8%) were married. In 2015-16, 234(9.0%) of
the mothers were HIV-infected of whom 168(71.8%) were
from the rural area and 105(44.9%) were aged between 25
to 34 years old. Thirty nine (16.7%) of the HIV-infected
mothers were in the middle class category, 144(61.5%)
had a primary education and 167(71.4%) were married.
One hundred and eighteen (50.4%) of the HIV-infected
mothers had anaemia and 38(16.2%) reported to have ever
terminated a pregnancy.

Comparison before and after balancing confounders
across HIV groups
Beforematching, for both datasets, mothers’ demographic
and health characteristics, region, place of residence, mar-
ital status, age of a mother, maternal anaemia, marital
status and whether a mother ever terminated a pregnancy
varied among HIV-infected and HIV-uninfected moth-
ers as presented in Table 1. Wealth quintile was different
among HIV-infected and HIV-uninfected mothers for the
2010 data only.
After applying the balancing methods on the covari-

ates for the 2010 and 2015-16 datasets, no significant
difference was observed for the covariates between the
HIV-infected and HIV-uninfected, on the matched sam-
ple, as shown in Table 9 in the Appendix. Before balancing
the differences, the absolute value of standardised dif-
ference was greater than 0.1 across the covariates. After
balancing the covariates using the three methods, the
absolute standardised difference for the three methods
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Table 1 Distribution of confounders between HIV-infected and HIV-uninfected mothers before matching for MDHS 2010 and 2015-16

Characteristic HIV status (2010) HIV Status(2015)

HIV-infected(%) HIV-uninfected(%) p-value HIV-infected(%) HIV-uninfected(%) p-value

Overall 316(11.0) 2681(89.0) 234(9.0) 2456(91.0)

Residence

Urban 68(21.5) 320(11.9) 66(28.2) 409(16.7)

Rural 248(78.5) 2361(88.1) <0.001 168(71.8) 2047(83.4) <0.001

Region

Northern 40(12.7) 581(21.7) 30(12.8) 481(19.6)

Central 76(24.1) 933(34.8) 49(20.9) 887(36.1)

Southern 200(63.3) 1167(43.5) <0.001 155(66.2) 1088(44.3) <0.001

Age

15-24 72(22.8) 983(36.7) 62(26.5) 1086(44.2)

25-34 179(56.7) 1198(44.7) 105(44.9) 1025(41.7)

35 above 65(20.6) 500(18.7) <0.001 67(28.6) 345(14.1) <0.001

Wealth

Poor 103(32.6) 1004(37.5) 90(38.5) 1054(42.9)

Middle 60(19.0) 609(22.7) 39(16.7) 478(19.5)

Rich 153(48.4) 1068(39.8) 0.013 105(44.9) 924(37.6) 0.09

Education

None 46(14.6) 322(12.0) 25(10.7) 240(9.8)

Primary 196(62.0) 1829(68.2) 144(61.5) 1582(64.4)

Secondary 70(22.2) 508(19.0) 62(26.5) 585(23.8)

Tertiary 4(1.2) 22(0.8) 0.154 3(1.3) 49(2.0) 0.647

Anaemia

No 190(61.3) 1939(74.2) 116(49.6) 1757(71.6)

Yes 120(38.7) 675(25.8) <0.001 118(50.4) 690(28.5) <0.001

Ever terminated pregnancy

No 264(83.5) 2376(88.6) 196(83.8) 2235(91)

Yes 52(16.5) 304(11.3) 0.028 38(16.2) 221(9.0) <0.001

Marital Status

Never married 10(3.2) 78(2.9) 5(2.0) 119(4.9)

Married 192(60.8) 2050(76.5) 167(71.4) 1928(78.5)

Living together 30(9.5) 282(10.5) 13(5.6) 164(6.7)

Widowed 20(6.3) 39(1.5) 10(4.3) 24(1.0)

Divorced 39(12.3) 117(4.4) 18(7.7) 93(3.8)

Not Living together 25(7.9) 115(4.3) <0.001 21(9.0) 128(5.2) <0.001

Place of delivery

Home 13(4.4) 102(4.1) 5(2.3) 32(1.4)

Government Hosp. 247(83.5) 2047(82.7) 200(90.9) 2051(88.4)

Private 8(2.7) 71(2.9) 4(1.8) 58(2.5)

Christian/Mission Hosp. 28(9.5) 255(10.3) 0.96 11(5.0) 180(7.8) 0.301

Last birth C/section

No 294(93.0) 2520(94) 215(92.3) 3263(92.6)

Yes 21(6.7) 158(5.9) 0.55 18(7.7) 180(7.4) 0.675
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Table 2 Absolute standardised differences for before and after balancing the covariates with the three methods for the 2010 MDHS

Covariates Unmatched NNMatch PSMatch IPW

Residence 0.29 0.00 0.04 0.06

Wealth 0.13 0.05 0.03 0.00

Age 0.16 0.04 0.06 0.01

Anaemia 0.28 0.05 0.03 0.02

Region 0.37 0.11 0.03 0.03

Education 0.05 0.01 0.05 0.02

Marital status 0.02 0.03 0.02 0.00

Size at birth 0.05 0.02 0.03 0.04

Ever terminated pregnancy 0.15 0.01 0.1 0.04

was less than 0.1 as shown in Tables 2 and 3. We further
used the standardised differences obtained for the three
methods to choose the balancing method that produced
the best balance among the covariates and used it to esti-
mate the effect of maternal HIV infection on birth weight
and perinatal mortality. For both the 2010 and 2015-16
data, the IPTW gave smaller absolute standardised differ-
ences as compared to the PS match and the NN match
method.
To further ensure that balance was obtained, we strat-

ified the matched observations into quintiles according
to their propensity scores. We observed that, within each
quintile, there was no significant difference between HIV
status for most of the covariates identified as confounders.
These results are shown in Tables 10 and 11 in the
Appendix. This demonstrated that balance was achieved.

Maternal HIV effect estimation
Table 4 presents results for the effect of maternal HIV-
infection on birth weight and perinatal mortality using the
inverse probability weights. The results for the 2010 data
showed that maternal HIV-infection was negatively asso-
ciated with birth weight. Infants of HIV-infected mothers
had a lower average birth weight of -25.3g (95% CI: -95.5,
-7.4) as compared to infants of HIV-uninfected mothers.

The 2015-16 results showed a significant positive asso-
ciation between maternal HIV infection status and birth
weight. Infants of HIV-infected mothers had higher aver-
age birth weight 116.3g (95% CI: 27.8, 204.7) compared to
infants of HIV-uninfectedmothers. In addition, a compar-
ison of the odds ratio of perinatal mortality between HIV-
infected and HIV-uninfected mothers showed an increase
in perinatal deaths in HIV-infected mothers in 2010. The
odds of perinatal mortality was 1.5 times greater among
infants of HIV-infected mothers compared to infants of
HIV-uninfected mothers. However, in 2015, there was
no significant difference in perinatal mortality between
HIV-infected and HIV-uninfected mothers.
Table 5 presents the effect of ART status on the

association between maternal HIV-infection on birth
weight and perinatal mortality among mothers who were
HIV-infected. There was no difference in birth weight
between infants born from HIV-infected mothers on
ART and those born to HIV-infected mothers not on
ART. However, a significant difference (p-value= 0.02)
in birth weight was observed between infants born to
HIV-uninfected mothers and those born to HIV-infected
mothers on ART as shown in Table 5. Infants of HIV-
uninfected mothers had a higher average birth weight
of 3231.3g (95% CI: 3208.8, 3253.9) as compared to the

Table 3 Absolute standardised differences for before and after balancing the covariates with the three methods for the 2015-16 MDHS

Covariates Unmatched NNMatch PSMatch IPW

Residence 0.30 0.01 0.02 0.01

Wealth 0.14 0.03 0.01 0.06

Age 0.39 0.10 0.03 0.06

Anaemia 0.43 0.02 0.06 0.01

Region 0.35 0.19 0.06 0.03

Education 0.02 0.01 0.06 0.01

Marital status 0.28 0.03 0.01 0.01

Size at birth 0.10 0.02 0.04 0.02

Ever terminated pregnancy 0.16 0.02 0.09 0.03
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Table 4 The effect of maternal HIV-infection on birth weight and perinatal mortality

Child Health Outcomes 2010 Child Health Outcomes 2015-16

Birth Weight Perinatal Mortality Birth Weight Perinatal Mortality

Mean.Diff(95% CI) OR(95% CI) Mean.Diff(95% CI) OR(95% CI)

Unadjusted -97.2(-160.4, -34) 1.8(1.2, 2.8) 52.6 (41.6, 125.5) 1.4(0.8, 2.6)

Adjusted weights -25.3(-95.5, -7.4) 1.5(1.1, 3.1) 116.3(27.8, 204.7) 1.0(0.4, 1.6)

Variables age, residence, region, wealth, marital status, ever terminated a pregnancy, anaemia and body mass index were included in the propensity score model

average birth weight of 3128.1g (95%: 2982.5, 3273.7) for
infants born to HIV-infected mothers on ART.
After observing a significant difference in prevalence

of perinatal mortality between HIV-infected mothers on
ART and those not on ART, we assessed the moderat-
ing effect of ART on the association between maternal
HIV infection and perinatal mortality. There was a sig-
nificant difference in perinatal mortality between HIV-
infected mothers on ART and HIV-infected mothers not
on ART as presented in Table 6. The odds of perinatal
mortality was 3.9 times greater among infants of HIV-
infected mothers not on ART as compared to infants of
HIV-infected mothers on ART. In addition, there was no
difference in perinatal mortality between HIV-infected
mothers on ART and HIV-uninfected mothers.

Sensitivity analysis
A sensitivity analysis was done aftermatching to observe if
the estimates obtained were sensitive to bias from unmea-
sured confounders. Table 12 in the Appendix presents
results on the upper and lower bounds on the Wilcoxon
Signed Rank p-value and the upper and lower bounds
on the Hodges-Lehmann point estimate for birth weight.
Based on the tables, the results for the sensitivity anal-
ysis showed that the p-value for the estimate of birth
weight between HIV-infected and HIV-uninfected moth-
ers with similarly measured covariates, would change with
a small bias influenced by unmeasured confounders. The
Hodges-Lehmann estimates similarly showed that a small
bias influenced by unobserved differences would cause a
change in the estimates.

Discussion
The study set out to assess the effect of maternal HIV
infection on birth weight and perinatal mortality and the

effect of ART on these pregnancy outcomes. The study
has shown that, in 2010, maternal HIV infection had
an adverse effect on birth weight and perinatal mortal-
ity. However, in 2015-16, infants of HIV-infected mothers
significantly weighed more than infants born to HIV-
uninfected mothers. ART status had no effect on the
association between maternal HIV infection and birth
weight. However, ART did have a positive effect on the
association between maternal HIV infection and perinatal
mortality.
These findings from our study are similar to previ-

ous studies that reported a high risk of low birth weight
among HIV-infected women [4, 9, 15, 50]. This has been
attributed to the fact that HIV-infected women not on
treatment have suppressed immune system which may
have affected child growth and contributed to LBW
among their infants [1, 4, 18]. Consistent with previ-
ous results [8, 18, 51], the study has also shown that
perinatal mortality was higher among infants of HIV-
infected mothers compared to those of HIV-uninfected
mothers. These findings are in line with studies that have
reported that LBW and perinatal mortality are inter-
related and that LBW accounts for the majority of peri-
natal deaths [18, 51]. Since low birth weight was high
among infants of HIV-infected mothers, we postulate that
most of them did not survive after the first week from
birth.
There has been a lack of consensus on the effect of

maternal HIV infection on birth weight with some stud-
ies attributing LBW to maternal HIV infection [4, 15, 17],
while others attributing it to the use of ART [2, 8, 14, 16].
The findings from the current study, which suggest that
the association between maternal HIV infection and birth
weight was not affected by ART uptake, is consistent with
findings of Xiao et al. [4] who found that ART exposure

Table 5 Mean Birth weight and proportion of perinatal deaths for HIV-uninfected and by ART status among HIV-infected mothers for
the 2010 MDHS data

Birth weight Perinatal Mortality

Mean (95% CI) p-value Prop.(95% CI) p-value

HIV-infected on ART (m1) 3128.1(2982.5,3273.7) 0.64 (m1 vsm2) 4.3(0.2, 8.3) 0.03(m1 vsm2)

HIV-infected not on ART(m2) 3031.9(2865.8, 3198.0) 9.4(3.5, 15.2)

HIV-uninfected (m3) 3231.4(3208.8, 3253.9) 0.02(m1 vsm3) 4.0(3.4, 4.7) 0.9(m1 vsm3)
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Table 6 The effect of ART status on perinatal mortality

Perinatal Mortality

OR 95% CI

HIV-infected on ART ∗∗
HIV-infected not on ART 3.9 (1.1, 14.8)

HIV-uninfected 0.7 (0.2, 2.5)

∗∗ - reference category
Variables age, residence, region, wealth, marital status, ever terminated a pregnancy,
anaemia and body mass index were included in the propensity score model

did not decrease or increase the risk of LBW in HIV-
infected women. However, Gibango et al. [18] reported
that HIV-positive mothers not on ART were likely to
deliver an infant with low birth weight. Even though ART
did not mitigate the association between maternal HIV
infection and birth weight, it did mitigate the association
between maternal HIV and perinatal mortality. Contrary
to our findings, previous studies have shown that adverse
pregnancy outcomes such as stillbirths are high among
HIV-infected women onART [52]. Lower perinatal deaths
among HIV-infected mothers on ART may not entirely
be as a result of the ART uptake but may also include
uptake of good nutritional diet by the mothers. PMTCT
programs through antenatal care (ANC) services ensure
HIV-infected pregnant mothers are on ART and encour-
age good maternal nutrition and infant feeding practices.
However, the 2010 MDHS report revealed that only 12%
and 48% of pregnant women had their first ANC visit
during the first trimester and during the fourth and fifth
month of pregnancy, respectively [36]. PMTCT interven-
tions through ANC clinics and community ART groups
[53] may have been beneficial in improving perinatal mor-
tality among infants of HIV-infected women but did not
help in improving birth weight in 2010. Perhaps the ben-
efits of the PMTCT programmes provided at ANC clinics

during this period could have been more pronounced if
frequency and timing of ANC visit was high.
In 2015-16, there was an increase in birth weight among

infants born to HIV-infectedmothers compared to infants
born to HIV-uninfected mothers. This could be attributed
to the fact that in July 2011, Malawi was one of the first
countries to implement Option B+ approach as an effort
to deal with HIV/AIDS and its impact. This is an inter-
vention where all pregnant women living with HIV were
offered ART for life irrespective of their CD4 count [54].
Reports show that with the introduction of option B+,
there was a huge improvement in PMTCT in Malawi [55].
The estimated percentage of pregnant women living with
HIV who received ART drugs for PMTCT in Malawi was
84% in 2016 [56]. Perhaps the HIV-infected women were
part of this intervention and it may have helped them
boost their immunity [16, 55] which in turn resulted in
good child growth. The findings of the current study fur-
ther showed that perinatal mortality was similar between
HIV-infected and HIV-uninfected. The results may sug-
gest that since infants of HIV-infected mothers had higher
birth weight then they were less likely to die of LBW
or prematurity. In addition, through antenatal care ser-
vices, HIV-infected pregnant mothers are put on ART and
are encouraged to attend at least four ANC visits where
they receive the required iron supplements, folic acid and
Ready to Use Therapeutic Food (RUTF) [57]. This may
have helped HIV-infected pregnant mothers to maintain
a balanced nutritional status which in turn helped in child
growth as compared to HIV-uninfected mothers who only
receive iron supplements and folic acids without addi-
tional food supplements. Previous studies have also shown
that prenatal and antenatal care visits among pregnant
mothers result in a decrease in perinatal mortality [58, 59].
The findings from our studymay suggest amajor improve-
ment in the implementation of PMTCT interventions by
the Ministry of Health and other key stakeholders.

Table 7 Missing Pattern by studied sample

2010MDHS data 2015MDHS data

Variable Missing Percent Missing Percent

Birth weight 806 19.1 484 10.2

Terminated pregnancy 423 10.0 508 10.7

Residence 414 10.0 455 9.5

HIV-infection status 317 9.0 480 10.1

Size at birth 408 9.9 473 10.0

Anaemia 522 13.0 448 9.4

age 415 10.0 480 10.1

Marital status 415 10.0 463 9.7

perinatal deaths 434 10.6 739 15.0
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Strengths and limitations
One of the strengths of the study is that data originating
from a large survey was used and hence, using a rich
data with a vast number of socio-demographic charac-
teristics of participants. The study also used matching
and weighting methods to reduce confounding for the
observed covariates. Several limitations of the study must
be addressed. The study used survey data that collected
retrospective information on births and deaths. Under-
reporting of births and deaths for children who were not
living at the time of the survey may be common. Mothers
may have been reluctant to talk about their dead children
either because the subject brought back sad memories or
because their culture discouraged mentioning of the dead.
Coupled to that, the analysis was done on cross-sectional
data and despite controlling for confounding, it was
difficult to assess the causal effect of maternal HIV sta-
tus on birth weight and on perinatal and infant mortality,

as the data is very likely to have unmeasured covariates
that may act as confounders. In addition, it is difficult to
measure the change in birth weight among HIV-infected
mothers over a certain period of time. Furthermore, some
important confounding risk factors that are known to
affect birth weight were not available in the data. These
include; unfavourable genetic factors which predispose
infants to be smaller in size and length [26], maternal
nutrition, maternal passive smoking, drinking, folic acid
supplement use, taking drugs and family history of birth
defects [50]. Therefore, the obtained estimates may be
sensitive to unmeasured confounders. In addition, knowl-
edge of ART timing, initiation of ART and type of ART
regimen were not available in the data. These are known
to have influenced the risk of adverse birth outcomes in
HIV-infected mothers. On the other hand, knowledge on
date of HIV acquisition was not available in the data hence
it may be possible that a mother was infected with HIV

Table 8 Confounder identification

Variable Outcome Exposure

Birth weight (p-value) Perinatal death(p-value) HIV status (p-value)

Age of a mother <0.001 <0.001 <0.001

Region NA 0.006 <0.001

Residence 0.016 0.946 <0.001

Education 0.011 0.43 0.012

Size of child at birth <0.001 0.06 0.31

Ever had terminated pregnancy 0.845 <0.001 0.007

Anaemia <0.001 0.90 <0.001

Marital status NA NA <0.001

place of delivery NA 0.249 0.97

Wealth 0.97 0.286 0.008

(a) Confounders that influence HIV and the outcomes for the 2010 MDHS

Birth weight (p-value) Perinatal death(p-value) HIV status (p-value)

Age of a mother <0.001 0.226 <0.001

Region 0.133 0.35 <0.001

Residence 0.49 0.126 <0.001

Education 0.096 0.716 <0.001

BMI 0.017 NA 0.577

Size of child at birth <0.001 <0.001 0.304

Ever had terminated pregnancy 0.730 <0.001 0.001

Anaemia 0.21 0.50 <0.001

Marital status NA NA <0.001

Place of delivery NA 0.26 0.41

Wealth 0.001 0.287 0.017

(b) Confounders that influence HIV and the outcomes for the 2015-16 MDHS

Confounder Identification A verification of the variables was done by fitting a linear regression model for the effect of each confounder on child birth weight and did a
crosstabulation using Pearsons Chi-square test for the effect of the confounders on perinatal mortality. We also checked the association between the identified variables and
mothers HIV-infection status. Variables that were not known to influence either HIV status or birth weight or perinatal death were labelled as “not applicable”
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after infant birth. In this case, HIV status would not affect
birth weight. Furthermore, ART status was not available
within the 2015-16MDHS data. Hence, conclusions about
the effect of ART status on birth weight can only be
attributed to the 2010 data andmay not explain changes in
birth weight for the 2015-16 data. The assumptions stated
to estimate the maternal HIV effect on the outcomes were
not tested, hence estimates may be prone to bias.

Conclusion
Our findings suggest that maternal HIV infection had
an impact on birth weight and perinatal mortality. The

uptake of ART had a moderating effect on the asso-
ciation between maternal HIV-infection and perinatal
mortality with higher rates among HIV-infected moth-
ers not on ART. The study has also shown a signif-
icant increase in birth weight between the 2010 and
2015-16 MDHS. In addition, the findings show a change
in effect of maternal HIV-infection on perinatal deaths
between the period 2010 and 2015. These results may
be explained by the recent success of policies and inter-
ventions under the PMTCT programme such as wide
coverage of antenatal care services and the option B+
strategy. Therefore, there is a need to emphasise the

Table 9 Distribution of Confounders between HIV-infected and HIV-uninfected after matching for MDHS 2010 and 2015-16 data

Characteristic Mothers HIV status (2010) Mothers HIV Status(2015)

HIV-infected HIV-uninfected p-value HIV-infected( %) HIV-uninfected(%) p-value

Overall 301(51.2) 306(48.8) 387(50.1) 386(49.9)

Residence

Urban 66(20.6) 58(19.0) 112(28.9) 120(31.1)

Rural 255(79.4) 248(81) 0.61 275(71.1) 266(68.9) 0.52

Region

Northern 42(13.1) 37(12.1) 46(11.9) 41(10.6)

Central 84(26.2) 101(33.0) 91(23.5) 117(30.3)

Southern 195(60.8) 168(54.9) 0.17 250(64.6) 228(59.1) 0.10

Age

15-24 78(24.3) 97(31.7) 93(24.0) 90(23.3)

25-34 173(53.9) 122(39.9) 181(46.8) 197(51.0)

35 above 70(21.8) 87(28.4) 0.13 113(29.2) 99(25.7) 0.44

Wealth

Poor 100(31.2) 96(31.4) 144(37.2) 137(35.5)

Middle 70(21.8) 65(21.2) 65(16.8) 67(17.4)

Rich 151(47.0) 145(47.4) 0.98 178(46) 182(47.1) 0.88

Education

None 50(15.6) 41(13.4) 44(11.4) 54(14.0)

Primary 199(62) 206(67.3) 242(62.5) 213(55.2)

Secondary 69(21.5) 57(18.6) 94(24.3) 107(27.7)

Tertiary 3(0.9) 2(0.6) 0.57 7(1.8) 12(3.1) 0.17

Anaemia

No 193(60.1) 196(64.1) 196(50.7) 193(50.0)

Yes 128(39.9) 116(35.9) 0.31 191(49.3) 193(50.0) 0.86

Ever terminated pregnancy

No 272(84.7) 259(84.6) 332(85.8) 322(83.4)

Yes 49(15.3) 47(15.4) 0.97 55(14.2) 64(16.6) 0.30

Marital Status

Never married 8(2.5) 3(1.0) 10(2.6) 8(2.1)

Married 197(61.4) 202(66.0) 273(70.5) 275(71.2)

Living together 32(10.0) 36(11.8) 18(4.7) 26(6.7)

Widowed 21(6.5) 5(1.6) 13(3.4) 12(3.1)

Divorced 37(11.5) 22(7.2) 37(9.6) 23(6.0)

Not Living together 26(8.1) 38(12.4) 0.03 36(9.3) 42(10.9) 0.36
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Table 10 Comparison of Covariates for HIV status Before and After Propensity Score Stratification

Covariate p-value(2010)) p-value(2015-16)

Before stratification After stratification Before stratification After Stratification

Age

15-24 <0.001 0.800 <0.001 0.767

25-34 0.009 0.922 0.567 0.316

35 above 0.02 0.893 <0.001 0.14

Wealth

Poor 0.553 0.440 0.04 0.78

Medium 0.02 0.817 0.34 0.70

Rich 0.01 0.618 0.004 0.56

Residence

Urban <0.001 0.424 <0.001 0.25

Rural <0.001 0.424 <0.001 0.25

Region

Northern 0.001 0.514 <0.001 0.08

Central 0.001 0.681 <0.001 0.649

Southern <0.001 0.368 <0.001 0.5

Anemia

No 0.04 0.537 <0.001 0.21

Yes 0.04 0.537 <0.001 0.21

importance of uptake of PMTCT guidelines for effec-
tive child health outcomes. Statistical methods that con-
trol for confounders are useful tools to address the
lack of randomised control trials in assessing the effect
of maternal HIV on pregnancy outcomes based on
observational data. We recommend future studies to

consider using causal inference techniques when an inves-
tigation of association of risk factor and outcome is
undertaken using observational studies such as health
surveys.

Appendix

Table 11 Quintiles Based on estimated Propensity Scores

Distribution Sample (N) P-value

HIV-uninfected HIV-infected age Residence Region Anaemia Ever Terminated pregnancy

(a) HIV status Group Differences on Covariates age, residence, region, anemia and ever terminated pregnancy, by Strata Based on Propensity Score

Quintiles on the matched sample for 2010 MDHS

Quintile 1 719 23 0.06 0.069 0.688 0.41 0.02

Quintile 2 692 51 0.502 0.653 0.513 0.1 0.1

Quintile 3 683 58 0.347 0.211 0.06 0.95 0.59

Quintile 4 656 86 0.9 0.1 0.39 0.1 0.42

Quintile 5 590 152 0.5 0.97 0.3 0.72 0.22

(b) HIV status Group Differences on Covariates age, residence, region, anemia and ever terminated pregnancy, by Strata Based on Propensity Score

Quintiles on the matched sample for 2015-16 MDHS

Quintile 1 870 24 0.236 0.04 0.67 0.34 0.83

Quintile 2 855 39 0.38 1.00 0.323 0.16 0.37

Quintile 3 821 72 0.06 0.29 0.07 0.07 0.87

Quintile 4 796 98 0.12 0.37 0.04 0.16 0.39

Quintile 5 713 180 0.04 0.903 0.07 0.526 0.19
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Table 12 Rosenbaum’s Sensitivity Analysis

P-value Estimate

Gamma Lower bound Upper bound Lower Upper

(a) Wilcoxon Signed Rank P-Value and Hodges-Lehmann Point Estimate for 2010 MDHS

1 0.001 0.00 400 400

1.1 0.0002 0.00 350 450

1.2 0.0001 0.01 300 500

1.3 <0.001 0.01 300 500

1.4 <0.001 0.02 250 550

1.5 <0.001 0.03 250 550

(b) Wilcoxon Signed Rank P-Value and Hodges-Lehmann Point Estimate for 2015-16 MDHS

1 0.0004 0.00 -83.3 -83.3

1.1 0.0001 0.00 -133.3 -133.3

1.2 <0.001 0.01 -150.1 150.1

1.3 <0.001 0.01 -166.7 166.7

1.4 <0.001 0.03 -183.3 183.3

1.5 <0.001 0.06 -200 200
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Introduction: Appropriate complementary foods have been found to provide infants and

young children with nutritional needs for their growth and development. In the absence of

a randomized control trial (RCT), this study used observational data to evaluate the effect

of appropriate complementary feeding practices on the nutritional status of children aged

6–23 months in Malawi using a propensity score matching statistical technique.

Methods: Data on 4,722 children aged 6 to 23 months from the 2015–16 Malawi

Demographic and Health Survey (MDHS) were analyzed. Appropriate complementary

feeding practices were assessed using the core indicators recommended by the World

Health Organization (WHO)/United Nations Children’s Fund (UNICEF), and consist of

the introduction of complementary feeding, minimum dietary diversity, minimum meal

frequency and minimum acceptable diet based on a dietary intake during a most recent

24-h period.

Results: The prevalence of stunting (height-for-age z-score < −2 SD) was 31.9%

(95% CI: 29.3%, 34.6%), wasting (weight-for-height z-score < −2 SD) 3.5% (95% CI:

2.6%, 4.7%) and underweight (weight-for-age z-score < −2 SD) 9.9% (95% CI: 8.4%,

11.8%). Of the 4,722 children, 7.7% (95% CI: 6.9%, 8.5%) were provided appropriate

complementary foods. Appropriate complementary feeding practices were found to

result in significant decrease in stunting (OR= 0.7, 95% CI: 0.4, 0.95). They also resulted

in the decrease of wasting (OR= 0.4, 95% CI: 0.1, 1.7) and underweight (OR= 0.6, 95%

CI: 0.2, 1.7).

Conclusion: Appropriate complementary feeding practices resulted in a reduction of

stunting, wasting, and underweight among children 6 to 23 months of age in Malawi.

We recommend the continued provision of appropriate complementary foods to infants

and young children to ensure that the diet has adequate nutritional needs for their

healthy growth.

Keywords: average treatment effect, child growth and nutrition, complementary feeding practices, Sub-Saharan

Africa, propensity score matching, quasi-experimental method
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INTRODUCTION

Undernourished children have their immune system
compromised, making them more vulnerable to chronic
diseases and infections. They take longer to recover from
illnesses and have an increased risk of dying, especially from
infectious diseases (1). Malnutrition levels among children aged
under 5 years are high in Sub-Saharan Africa (SSA). They are
too short for their age (stunted) (32%), too thin for their height
(wasted) (10%), and too thin for their age (underweight) (15%)
(2–4). To enhance their nutrition needs, complementary iron,
minerals and vitamin-rich foods are introduced at the age of
6 months. Complementary feeding entails giving a child other
semi-solid, soft foods and solid foods, liquids, water along with
breast milk (5). Several randomized control trials (RCTs) have
shown the beneficial nutritional effect of optimal timing and
amount of complementary foods on child growth (6–9). Similar
findings of the effect of complementary foods were also found
using observational studies (10–12).

Due to high levels of poverty, inadequate diversity in farming
and foods, and high levels of HIV, under-nutrition among
children in Malawi has remained a public health concern.
Children in Malawi experience chronic under-nutrition and
high levels of deficiencies in important micro-nutrients that
are needed for optimal growth (13, 14). Thus, the Government
of Malawi has initiated several policies, a Food and Nutrition
Security Policy (2007) and a National Nutrition Policy and
Strategic Plan (NNPSP) (15, 16). The Young Child Nutrition
Strategy (2009–2014) (17, 18) set a number of priority areas,
one of which was improved infant and young child feeding
practices, with the aim of improving the intake of essential
micro-nutrients. In particular, children aged 6–23 months
are fed porridge made from Maize flour (grains) with the
addition of legumes, such as groundnuts and soybeans, cooking
oil and leafy vegetables to the porridge (19) for improved
nutrition. There is a need to provide empirically driven evidence
that evaluates the impact of child nutrition interventions in
Malawi. However, there has been a paucity of randomized
control studies that have evaluated and confirmed the beneficial
effect of appropriate complementary feeding practices on child
growth indicators.

Even though a randomized control trial (RCT) could be
conceived, it would be very unethical based on evidence
found in previous RCT studies on the beneficial effect of
complementary feeding. However, we could still assess the
efficacy of appropriate complementary feeding practices on
growth measures of children 6–23 months of age using
observational data with appropriate statistical techniques. In this
study, we used observational complementary feeding data from
the 2015–16 Malawi Demographic and Health Survey (2016
MDHS). The DHS Program provides very revealing health data
on which most of the health indicators in the sub-Saharan
African region are derived (20).

Our proposed method relies on balancing confounder
variables between children who were provided appropriate
complementary foods and those who were not. For example,
a mother’s education, counseling on child feeding, household

wealth, a child’s age, duration of breastfeeding, source of
drinking water, media exposure, mother’s body mass index, a
mother’s HIV status, previous history of infections, sex of a
child and low birth weight are associated with child growth
indicators (11, 21–25). A statistical method that could be used
to balance the distribution of confounder variables is based
on the Propensity Score (PS) methods (26–28). In this way,
we would have derived a quasi-experiment to estimate the
effect of appropriate complementary feeding practices on growth
measurements of children 6–23 months of age based on the
survey data.

MATERIALS AND METHODS

Study Data and Design
The data was obtained from the 2015–16Malawian Demographic
Health Survey (MDHS), which was implemented by the National
Statistical Office of Malawi in conjunction with the Ministry of
Health and the Community Health Services Unit of Malawi.
More details on the sampling procedure and design can be
obtained from the 2015–16 MDHS report (29). The study
analyzed data on 4,722 children aged 6 to 23 months for whom
weight (in kilograms) and height (in centimeters) weremeasured.

Outcome and Confounder Variables
We used three anthropometric indices for children as outcome
variables, namely height-for-age, weight-for-height and weight-
for-age. For our study, we followed the convention of recording
each index as a z-score, which indicates how many standard
deviations (SD) is a child’s index from the median of the World
Health Organization (WHO) Child Growth Standards (30). For
example, height-for-age z-score < −2 SD denotes a child who
is stunted; similarly for wasting (weight-for-height z-score < −2
SD), and underweight (weight-for-age z-score < −2 SD).

Covariates that were identified within the Malawi
Demographic and Health Survey as potential confounders
included: mother’s education, counseling on breastfeeding,
history of diarrhea, household wealth, child’s age, mother’s
employment, sex of a child, place of residence, wealth quintile,
mother’s age, mother’s HIV status, birth weight and antenatal
visits. However, we replaced mother’s employment status with
mother’s education and wealth as only a few mothers were
employed full-time, hence, the matched sample would have been
small within mothers belonging in the full-time category.

Measurement of Complementary Feeding
Indicators
Appropriate complementary feeding practices were defined using
the core indicators recommended by the WHO/UNICEF in
2008 (31) which combines the introduction of complementary
feeding, minimum dietary diversity, minimum meal frequency
and minimum acceptable diet based on a dietary intake 24-h
before the survey and calculated for the age range 6–23 months
of age. These are defined as:
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a) Introduction of complementary foods = 1 if a child aged 6–
23 months was complementary fed (solid, semi-solid or soft
foods) and 0 otherwise (21, 31).

b) Minimum dietary diversity (MDD) = 1 if a child received
foods from four or more food groups during the previous
day and 0 otherwise. This refers to the child receiving the
following food groups; grains, roots and tubers; legumes and
nuts; dairy products (milk, yogurt and cheese); flesh foods
(meat, fish, poultry and liver/organ meats); eggs; vitamin A-
rich fruits and vegetables; and other fruits and vegetables
(21, 31).

c) Minimum meal frequency (MMF) = 1 if a breastfeeding
and non-breastfeeding child aged 6–23 months received
complementary foods theminimum number of times or more
(minimum was defined as two times for breastfed infants 6–8
months; three times for breastfed children 9–23 months; and
four times for non-breastfed children 6–23 months) in the
previous day (21, 31), 0 otherwise.

d) Minimum acceptable diet (MAD) = 1 if a child was fed a
minimum dietary diversity and minimum meal frequency
during the day or night preceding the survey (31) and 0
otherwise. Minimum acceptable diet was calculated as a
composite indicator from the following;

i Breastfed children—minimum dietary diversity and
minimum meal frequency as above.

ii Non-breastfed children—minimum dietary diversity but
excluding the dairy products category (4 out of 6 groups)
and minimum meal frequency and 2 or more milk feeds.

In measuring the appropriate complementary feeding practice
exposure using the MDHS data, we set it equal to 1 if a child
was provided complementary foods and had a minimum dietary
diversity and a minimum meal frequency, otherwise, it was set
to 0.

Statistical Analysis
The propensity score matching (PSM) was used to balance
the covariate differences between children who were provided
appropriate complementary foods and those who were not. In
the estimation of propensity scores (PS), we used a binary
logistic regression to model whether a child was provided
appropriate complementary foods as a function of potential
confounders. From this model, probabilities of whether a child
was given appropriate complementary foods conditional on
the confounders were estimated to give “propensity scores.”
The scores were then subsequently used in covariate matching
between the two appropriate complementary feeding practice
groups (26–28, 32, 33). We used the nearest neighbor method on
a 1:1 ratio (34) at a recommended 0.2 caliper (35).

Covariate Balance Assessment
The standardized difference was used to assess balance for
the distribution of measured potentially confounded covariates
between appropriately and inappropriately complementary fed
children (36). A standardized difference of 10% (0.1) is
commonly used as a cut-off point to assess adequate balance

of the covariates (36, 37). We further compare the balance in
the measured confounders between children who were provided
appropriate complementary foods and those who were not using
a McNemar’s Bowker’s test for categorical variables and a paired
t-test for continuous variables.

Sensitivity Analysis
One strong assumption of conducting the PSM is that there
remains no unobserved confounding. It is impossible to prove
that no unobserved confounding exists, but through a sensitivity
analysis, we can measure if the results are sensitive to hidden
bias. This was done by using a McNemar’s exact test of sensitivity
for binary outcomes. McNemar’s test compares the number
of discordant pairs in which appropriately complementary
fed children had improved growth against inappropriately
complementary fed children who did not have improved growth
(38–40). Several packages are available to conduct a sensitivity
test on the effects for binary outcomes in R (41) and Stata
(42). We used the binarysens of Rbound package in R to obtain
the values of the upper and lower bounds on the estimates for
wasting, stunting and underweight (43).

RESULTS

Summary information about characteristics of feeding practices
and prevalence of the growth indicators for the 4,722 studied
children aged 6–23 months is presented in Table 1. Of these
children, 3.7% (95% CI: 2.7%, 4.6%), 27% (24.8%, 29.3%),
and 13.6% (95% CI: 12.1%, 15%) were wasted, stunted, and
underweight, respectively. Of the 4,722 children, 3,725 (78.9%)
were still breastfeeding while 997 (21.1%) were not breastfeeding
at the time of the survey. A majority of the children 3,929
(83.2%) were given complementary foods, and of these children,
1,589 (42.7%) were aged 6–11 months. More than half of all
the children (57.5 %) were fed more than two times a day, the
day preceding the survey. The common dietary foods given to
the children were grains (27.9%) followed by legumes and nuts
(24.5%). Out of the 4,722 children, 3,942 (83.6%) children had
mothers who were counseled on breastfeeding.

Table 2 presents the proportion of children meeting the
four WHO/UNICEF feeding indicators. Of the 4,722 children,
1,434 (30.4%) children aged 6–23 months received solid, semi-
solid or soft foods the minimum number of times meeting a
minimum meal frequency (MMF), 1,073 (22.7%) children were
offered four or more food groups on the day preceding the
survey meeting the minimum dietary diet (MDD), and 342
(8.0%) childrenwere given aminimum adequate diet. Combining
the three feeding indicators, introduction of complementary
foods, minimum dietary diversity and minimummeal frequency,
the overall prevalence of children provided with appropriate
complementary foods was 7.7 % (95% CI: 6.9, 8.5).

Propensity Score Estimation
We modeled the probability of whether a child was provided
appropriate complementary foods as a function of potential
confounders namely, mother’s HIV status, mother’s age, child’s
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TABLE 1 | Characteristics of complementary feeding and growth indicators

among the 4,722 children 6–23 months old from the 2015–16 MDHS.

Freq. Percent (95% Conf. Interval)

Growth indicators

Wasted 65 3.5% (2.6, 4.7)

Stunted 498 31.9% (29.3, 34.6)

Underweight 168 9.9% (8.4, 11.8)

Characteristics of child feeding

Ever breastfed

Yes 4,680 99.1% (98.8, 99.4)

No 42 0.9% (0.6, 1.2)

Still breastfeeding

Yes 3,725 78.9% (77.7, 80.1)

No 997 21.1% (19.9, 22.3)

Current age of child still breastfeeding

6–11 months 1,589 42.6% (41.1, 44.2)

12–17 months 1188 31.9% (30.4, 33.4)

18–23 months 948 25.5% (24.1, 26.8)

Current age of child not being breastfed

6–11 months 327 32.8% (29.9, 35.7)

12–17 months 274 27.5% (30.4, 33.4)

18–23 months 376 39.7% (36.7, 42.8)

Counseled on breastfeeding

Yes 3942 83.5% (82.5, 84.6)

No 762 16.0% (15.1, 17.2)

Don’t know 20 0.5% (0.2, 0.9)

Ever started complementary feeding

Yes 3,929 83.2% (82.1, 84.3)

No 793 16.8% (15.7, 17.9)

Current age of the child on complementary feeding

6–11 months 1,586 40.4% (38.8, 41.9)

12–17 months 1,273 32.4% (30.9, 33.9)

18–23 months 1,070 27.2% (25.8, 28.6)

No. of times a child aged 6–23 months was fed

Once only 1,440 30.5% (29.2, 31.8)

2–3 times 2,715 57.5% (56.1, 58.9)

4 + times 567 12% (11.1, 12.9)

Type of dietary food

Diary 922 19.5% (18.4, 20.7)

Grain 1,318 27.9% (26.6, 29.2)

Legumes and nuts 1,155 24.5% (23.2, 25.7)

Meat 639 13.5% (12.6, 14.5)

Eggs 409 8.7% (7.9, 9.5)

VA rich fruits and vegetables 208 4.4% (3.8, 4.9)

Other rich fruits and vegetables 71 1.5 (1.2, 1.9)

VA, Vitamin A.

age, child’s sex, household wealth, mother’s education, antenatal
care visits, place of residence, birth weight, history of diarrhea
and the results are presented in Table 3. In the univariate
associations, there was a significant association between older
child age (12–17 months) (OR = 1.32, 95% CI: 1.01, 1.73), (18–
23 months) (OR = 1.46, 95% CI: 1.12, 1.92), rural residence (OR
= 0.44, 95 % CI: 0.3, 0.6), Secondary/Post-Secondary education

TABLE 2 | Proportion of infants and young children meeting the four

WHO/UNICEF feeding indicators in 2015–16.

Indicator Frequency Percent (95% confidence interval)

Minimum acceptable diet

Yes 378 8.0% (7.2, 8.8)

No 4,344 92.0% (91.2, 92.8)

Minimum meal frequency

Yes 1,434 30.4% (29.1, 31.7)

No 3,288 69.6% (68.3, 70.9)

Minimum dietary diversity

Yes 1,073 22.7% (21.5, 23.9)

No 3,649 77.3% (76.1, 78.5)

Introduction of complementary foods

Yes 784 16.6% (20.2, 24.5)

No 3,938 84.3% (82.3, 84.5)

Freq., frequency.

for mothers (OR = 2.9, 95 % CI: 1.5, 5.6) and low birth weight
(OR= 1.42, 95% CI: 1.04, 1.93) with the provision of appropriate
complementary foods. However, in the multivariate logistic
regression analysis, only the age of the child was associated with
appropriate complementary feeding practice (as expected older
children were more likely to be given complementary foods; for
example, children aged 18–23 months were one and a half times
more likely than children aged 6–11 months (OR= 1.68, 95% CI:
1.01, 2.78), (see Table 3).

The Hosmer and Lemeshow goodness-of-fit test was
performed to check if the propensity score model fit the data
well. The Hosmer and Lemeshow test statistic had a p-value of
0.5881 indicating that the model used to estimate the propensity
scores fit the data reasonably well. In addition, a classification
accuracy analysis test was done to check the percentage of
children correctly specified as being provided with appropriate
complementary foods. The results for classification analysis
showed that 91.05% of the children were correctly specified to
either being appropriately complementary fed or not.

Distribution of Confounders and Balance
Assessment
Table 4 presents the distribution of the studied confounder
variables before and after matching. We used the nearest
neighbor matching algorithm with a 0.2 caliper to restrict the
difference in propensity scores between matched children. Before
matching on the propensity score, out of the 4,722 children,
368 (7.7%) were provided appropriate complementary foods and
4,354 (92.3%) were not provided appropriate complementary
foods. Of the 368 children, 43.8% were born to HIV-uninfected
mothers, while 56.2% were born to HIV-infected mothers. Of
those children who were provided appropriate complementary
foods, 205 (55.7 %) were males and 163 (44.3%) were females,
232 (63.1%) resided in the rural area and 136 (36.9%) were from
the urban area, 325 (88.3%) had a normal weight and 43 (11.7 %)
had a low birth weight, and 194 (52.7%) had mothers who had
primary education. Place of residence, sex of a child, household
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TABLE 3 | Odds ratio (95% Confidence Interval) for the association between

provision of appropriate complementary foods and predictors of child growth.

Variable Frequency Univariate odds

ratio (95% conf.

interval)

Adjusted odds

ratio (95%

conf. interval)

Residence

Urban 755 (15.9%) 1.00 1.00

Rural 3,967 (84.1%) 0.44 (0.32, 0.63) 0.82 (0.45, 1.46)

Mother’s HIV status

HIV negative 1,460 (30.9%) 1.00 1.00

HIV positive 127 (8.0%) 1.54 (0.81, 2.9) 1.4 (0.74, 2.65)

Mother’s education

None 524 (11.1%) 1.00 1.00

Primary 3,176 (67.3%) 1.69 (0.95, 3.04) 2.7 (1.12, 6.3)

Secondary/Post-

secondary

1,022 (21.6 %) 2.9 (1.54, 5.63) 3.0 (1.2, 7.9)

Had diarrhea last 2 weeks

No 2,960 (62.7%) 1.00 1.00

Yes 1762 (37.3%) 1.19 (0.89, 1.57) 1.12 (0.74, 1.68)

Wealth

Poor 2,168 (45.9%) 1.00 1.00

Medium 903 (19.2%) 1.37 (0.93, 2.02) 0.66 (0.34, 1.26)

Rich 1,651 (34.9%) 2.43 (1.77, 3.34) 1.59 (0.96, 2.63)

Mother’s age

15–24 years 2,102(44.5%) 1.00 1.00

25–34 years 1,881 (39.8%) 1.1 (0.81, 1.44) 1.34 (0.88, 2.05)

35–49 years 739 (15.7%) 0.75 (0.5, 1.13) 0.92 (0.47, 1.80)

Child’s age

6–11 months 1,596 (33.8%) 1.00 1.00

12–17 months 1,648 (34.9%) 1.32 (1.01, 1.73) 1.38 (0.84, 2.27)

18–23 months 1,478 (31.3%) 1.46 (1.12, 1.92) 1.68 (1.01, 2.78)

Antenatal visits

0–1 166 (3.5%) 1.00 1.00

2–3 2,195 (47%) 1.55 (0.52, 4.67) 1.17 (0.23, 5.99)

4 above 2361 (49.5%) 1.88 (0.60, 5.896) 1.33 (0.25, 7.10)

Birth weight

Normal weight 4,257 (90.2%) 1.00 1.00

Low birth

weight

465 (9.8%) 1.42 (1.04, 1.93) 1.08 (0.55, 2.11)

Sex of child

Male 2,434 (51.5%) 1.00 1.00

Female 2,288 (48.5%) 1.31 (1.06, 1.62) 0.98 (0.68, 1.4)

Conf. Int, Confidence Interval.

wealth index, mother’s educational status, and mother’s age were
distributed differently between children provided appropriate
complementary foods and those not provided appropriate
complementary foods (P < 0.05), (see Table 4).

We assessed for balance on the matched sample by
checking that each confounder did not significantly differ
in proportion between children who were given appropriate
complementary foods and those who were not using McNemar’s
Bowker’s test for categorical variables. After PS matching

on the confounders, 368 matched pairs (appropriately and
not appropriately complementary fed pairs of children) were
analyzed for the difference in baseline characteristics as shown in
Table 4. No significant difference was observed in the covariates
between children provided appropriate complementary foods
and those who were not provided.

Covariate Balance
A standardized difference of 0.1 (10 per cent) was used as a
decision criterion for balance in the measured covariates (37).
We observed homogeneity in the distribution of the covariates
between children provided with appropriate complementary
foods and those who were not (P > 0.05) on the matched
sample (Table 5). Before matching, the absolute value of the
standardized difference was >0.1 for mother’s education, child’s
age, mother’s age, sex of a child, and history of diarrhea. After
matching, all covariates had an absolute standardized difference
of <0.1 indicating a balance in differences within the observed
covariates between children who were provided appropriately
complementary foods and those who were not.

Estimation of Appropriate Complementary
Feeding Effect
For the unmatched sample, an ordinary logistic regression was
used to assess the effect of appropriate complementary feeding
practices on wasting, stunting and underweight, accounting for
potential confounders. For the effect estimation of appropriate
complementary feeding practices on child growth on the
matched data, conditional logistic regression models were
used, the results are shown in Table 6. For the unmatched
sample, there was no significant association between appropriate
complementary foods and child growth even though there
was an indication that appropriate complementary foods were
protective. For the matched sample, appropriate complementary
foods were associated with a reduction in stunting (OR = 0.7,
95% CI: 0.4, 0.95); wasting (OR = 0.4, 95% CI: 0.1, 1.7) and
underweight (OR= 0.6, 95% CI: 0.2, 1.7), but the association was
not significant for wasting and underweight.

Sensitivity Analysis
For a sensitivity analysis, we consider a range of values of the
odds ratio of two matched children to be given appropriate
complementary foods [this is denoted as gamma in the literature
(40, 44)] from 1 to a maximum value of 2 with an increment of
0.1. If there were no unmeasured confounding, this maximum
odds ratio would be 1; higher values of the maximum odds
ratio correspond to more unmeasured confounding. The results
for the sensitivity analysis for the upper bound p-values of
McNemar’s sensitivity test are presented in Table A1 in the
Appendix. The finding of a positive effect of appropriate
complementary foods on stunting was least robust to possible
unobserved confounders. The significant level of gamma at which
we would have to question our conclusion of a positive effect on
stunting was very close to 1 (between 1.1 and 1.2). For wasting,
it would require gamma values between 1.7 and 1.8 to render the
conclusion of the beneficial effect of appropriate complementary
foods on wasting spurious. In the case of the effect of appropriate
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TABLE 4 | Distribution of characteristics between appropriately and inappropriately fed children before and after matching.

Before matching After matching

Appropriate (n = 368) Not appropriate (n = 4,354) Appropriate (n = 368) Not appropriate (n = 368)

Characteristic n (%) n (%) p-value n (%) n (%) p-value*

Mother’s HIV status

HIV-uninfected 161 (43.8) 1,794 (41.2) 161 (43.8) 162 (44.0)

HIV-infected 207 (56.2) 2,560 (58.8) 0.038 207 (56.2) 206 (56) 0.9068

Age of child

6–11 months 114 (30.9) 1,485 (34.1) 114 (31) 118 (32.1)

12–17 months 131 (35.6) 1,518 (34.9) 131 (35.6) 130 (35.3)

18–23 months 123 (33.5) 1,351 (31.0) 123 (33.4) 120 (32.6)

6–23 months 368 (100) 4,354 (100) 0.231 368 (100) 368 (100) 0.1624

Sex of child

Male 205 (55.7) 2,467 (56.7) 205 (55.7) 213 (57.9)

Female 163 (44.3) 1,887 (43.3) 0.05 163 (44.3) 155 (42.1) 0.2864

Residence

Urban 136 (36.9) 1,028 (23.6) 136 (37) 137 (37.2)

Rural 232 (63.1) 3,326 (76.4) <0.001 232 (63) 231 (62.8) 0.6617

Mother’s education

None 45 (12.2) 811 (18.6) 45 (12.2) 39 (10.6)

Primary 194 (52.7) 2,745 (63.1) 194 (52.7) 204 (55.4)

Secondary & Post-Secondary 129 (35.1) 798 (18.3) <0.001 129 (35.1) 125 (34) 0.6123

History of diarrhea

Yes 207 (56.2) 2,443 (56.1) 207 (56.2) 207 (56.3)

No 161 (43.8) 1,911 (43.9) 0.228 161 (43.8) 161 (43.7) 0.1564

Birth weight

Normal weight 325 (88.3) 3,917 (89.9) 325 (88.3) 324 (88.0)

Low birth weight 43 (11.7) 437 (10.1) 0.05 43 (11.7) 44 (12.0) 0.2164

Wealth

Poor 101 (27.5) 2,075 (47.7) 101 (27.5) 100 (27.2)

Medium 61 (16.6) 827 (18.9) 61 (16.6) 66 (17.9)

Rich 206 (55.9) 1,452 (33.4) <0.001 206 (55.9) 202 (54.9) 0.3369

Mother’s age

15–24 years 156 (42.4) 1,940 (44.6) 156 (42.3) 167 (45.4)

25–34 years 161 (43.8) 1,726 (40.6) 161 (43.8) 149 (40.5)

35–49 years 51 (13.9) 926 (15.8) 0.005 51 (13.9) 52 (14.1) 0.9728

i) *p-values calculated using McNemar’s test for dichotomous variables and Marginal homogeneity test for covariates with more than two categories for n = 368.

ii) n, Number (frequency).

iii) p, p-value.

iv) HIV, Human Immune Deficiency Virus.

complementary foods on underweight, the effect was sensitive to
an unobserved confounder at gamma values between 1.5 and 1.6.

DISCUSSION

The study set out to estimate the beneficial effect of
appropriate complementary foods on anthropometric
indices of children 6–23 months of age in Malawi using
observational data from the 2015–16 Malawi Demographic
and Health Survey. We applied propensity score matching
to balance confounders between appropriate complementary
feeding practice groups. We found that children who were

provided appropriate complementary foods resulted in a
decrease in stunting, wasting and underweight. To the
best of knowledge, this is first study that has estimated
the effect of appropriate complementary feeding practices
on child growth using observational data by employing
quasi-experimental statistical methods such as propensity
score matching.

Similar findings were obtained using randomized control
trials (11, 45–48), and (11, 49–51) using observational studies.
Our findings confirm WHO guidelines (5, 52) that recommend
initiating complementary feeding at 6 months of age while
continuing to breastfeed, with adequate timing of meals and
the appropriate diversity of the foods. In addition, the findings
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TABLE 5 | Absolute standard differences and p-values before and after

application of propensity matching.

Before After

Confounder Abs. Std Diff p-value Abs. Std Diff p-value

Sex of a child 0.168 0.07 0.08 0.957

Mother’s education 0.16 0.029 0.05 0.513

Child’s age 1.22 0.003 0.003 0.426

Residence 0.06 0.11 0.04 0.825

Had diarrhea 0.27 0.034 0.04 0.179

Region 0.01 0.784 0.05 0.303

Mother’s employment 0.04 0.409 0.06 0.197

Wealth 0.144 0.114 0.01 0.592

Mother’s age 0.18 <0.001 0.01 0.417

Birth weight 0.003 0.155 0.04 0.064

Antenatal visit 0.05 0.75 0.00 0.486

Abs. std. diff, Absolute standardized differences.

TABLE 6 | The effect of appropriate complementary feeding practices on child

growth indicators for children aged 6–23 months in Malawi.

Indicators Before matching After matching

AOR (95% conf. interval) OR (95% conf. interval)

Wasting 0.7 (0.2, 2.2) 0.4 (0.1, 1.7)

Stunting 0.8 (0.5, 1.3) 0.7 (0.4, 0.95)

Underweight 0.5 (0.2, 1.1) (0.2, 1.7)

The odds ratio and 95% confidence interval were obtained by the conditional logistic

regression analyses (n = 368).

ii) AOR, Adjusted odds ratio.

iii) OR, Odds ratio.

iv) Conf.Int, Confidence Interval.

support the importance of guidelines that emphasize appropriate
feeding practices among young children in Malawi (53, 54).

Appropriate complementary feeding practices among
children 6–23 months should be encouraged in Malawi. The
timely introduction of appropriate complementary foods has
been suggested by the World Health Organization (WHO) as
an effective measure in promoting improved child growth (31).
Strategies that promote appropriate feeding practices must be
emphasized to ensure that children receive the appropriate diet,
especially those living within poor households. Poor households
in Malawi are known to be food insecure (19). Regular access
to highly nutritious food such as meat, eggs, milk and cooking
oil is a challenge, as a result, children may be given maize
porridge only without additional supplements (9, 55). Child
feeding interventions that improve complementary feeding
practices by using locally available recipes should be encouraged
and promoted.

One of the strengths of our study is that we used the
propensity score (derived from a logistic regression) matching
to balance confounders between children who were provided
appropriate complementary foods and those who were not.
Thus, we have avoided ethical concerns that could have arisen
by allocating children into appropriately complementary fed
and inappropriately complementary fed groups while available

evidence shows a clear benefit of appropriate complementary
feeding practices. The beneficial effect of the provision of
appropriate complementary foods to children 6–23 months
of age in this study has been ascertained using observational
data, which is readily available and owned by the government
of Malawi. Our analyses have shown the viability of using
observational data to provide appropriate scientific evidence on
the effect of a locally relevant intervention on a major public
health issue.

There were some limitations in the study that could
have affected our findings. For example, the use of cross-
sectional data does not provide a temporal association between
the provision of appropriate complementary foods and the
growth indicators. Longitudinal studies allow for such temporal
associations between exposures and outcomes to estimate
beneficial effects. For our study, it could have been that some
children were initiated on complementary feeding before the
survey. Thus, some sort of temporal association could be
assumed, implying that the estimated beneficial effects could be
possible. Appropriate complementary feeding practice used as
exposure in our study was self-reported by the mothers. Self-
reporting is subject to recall bias andmay have underestimated or
overestimated the effects (56, 57). However, since the recall time
was short (24 h before the survey), we assume that the bias could
be minimal. Furthermore, as expected the sample size reduced
from 4,722 to 736, which is one of the inherent problems of using
the PS matching. We were limited to the confounder variables
available in the data set used for our study. One of the unobserved
confounders that were not measured from the data is exclusive
breastfeeding (EBF). Children who may have been exclusively
breastfed and then provided with appropriate complementary
foods would have had better growth indicators than those
who were not exclusively breastfed. However, we assume that
the EBF status was already accounted for in both appropriate
complementary feeding groups. Findings from the sensitivity
analysis show that the observed effect on stunting could have
been affected by the unobserved confounders, while those of
wasting and underweight were not. Thus, the results from
our study on the effect of appropriate complementary feeding
practices on child growth must be interpreted with caution.

CONCLUSIONS

Appropriate complementary foods were found to result in the
reduction of stunting, wasting and underweight among children
6 to 23 months of age in Malawi. We recommend continuation
of nutritional interventions that promote improved feeding
practices and intake of essential micro-nutrients for infants and
young children as outlined in several Government of Malawi
nutritional policies and strategies. These interventions will
significantly aid in sustained reduction of retarded growth among
children in Malawi and low-middle-income countries (LMIC).
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APPENDIX

TABLE A1 | Sensitivity analysis - Rosenbaums upper bounds for stunting,

wasting and underweight.

Gamma Upper bound probability Stunting Wasting Underweight

1 0.50 0.0089 <0.001 <0.001

1.1 0.52 0.0421 <0.001 0.0004

1.2 0.55 0.1269 <0.001 0.0025

1.3 0.57 0.2729 0.0002 0.0087

1.4 0.58 0.4569 0.001 0.0225

1.5 0.60 0.6373 0.0047 0.0467

1.6 0.62 0.7821 0.0145 0.0829

1.7 0.63 0.8809 0.0365 0.1310

1.8 0.64 0.9401 0.0768 0.1894

1.9 0.66 0.9719 0.1395 0.2553

2 0.67 0.9876 0.2241 0.3256
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practices is a challenge in the region due to poverty and 
urbanization children are fed ready-made processed foods. 
There is scarcity of randomized controlled trials within the 
region that assess the impact of consumption of unhealthy 
foods on childhood overweight/obesity. Most data avail-
able on feeding practices have used observational studies. 
To determine the effect of consumption of unhealthy foods 
on childhood overweight, we use propensity-score methods 
that balance potential confounders for observational studies. 
Consumption of unhealthy foods had an adverse effect on 
childhood overweight.

Introduction

The increase in the consumption of unhealthy diets, such 
as salty, sugary, and saturated fatty foods, among children, 
has been associated with high childhood overweight/obesity 

Significance

Childhood overweight is an emerging public health issue 
in Sub-Saharan Africa. Sustaining appropriate child feeding 
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levels in sub-Saharan Africa (SSA) (Kalimbira & Gondwe, 
2015; Biadgilign et al., 2017;Tuyet et al., 2019). This has 
led to an increase in obesity-related health conditions such 
as type-2 diabetes mellitus, cardiovascular disease, asthma, 
and respiratory diseases within the region (Sahoo et al.,2015; 
Kansra et al., 2020). Globally, approximately 38  million 
under-five children were at least overweight/obese in 2018, 
and a quarter was in sub-Saharan Africa (Biadgilign et al., 
2017; WHO, 2018). As regards child feeding practices, the 
World Health Organisation (WHO) recommends feeding 
children aged 6 to 24 months appropriate complementary 
foods (World Health Organization, 2008). This type of rec-
ommendation is often not sustained in low-income coun-
tries, for example, in SSA, where the children are often fed 
food that is commercially processed and has high energy 
content and low nutrients (Rousham et al., 2022).

Previous studies and reviews have highlighted the incon-
clusive and conflicting evidence on the effect of unhealthy 
food consumption on higher Body Mass Index (BMI) in 
children(English et al., 2019; Pries, Filteau, et al., 2019; 
Pries, Rehman, et al., 2019; Min et al., 2021; Rousham et 
al., 2022). Most of these studies have been conducted in 
high-income countries (English et al., 2019; Pries, Filteau, 
et al., 2019) . Ascertaining a true effect of unhealthy foods 
on childhood overweight would require a randomized con-
trolled trial (RCT); however, this could be subject to ethical 
issues. A recent systematic review and meta-analysis found 
only two studies that were RCT (Rousham et al., 2022). In 
addition, for most of these observational studies, the analy-
sis was done using standard statistical techniques. Observa-
tional studies could be challenging for evaluating effects due 
to the problem of confounder imbalance between unhealthy 
and healthy food groups. Statistical methods that are used 
to balance the confounders between the two food groups 
for these observational studies have been developed (Aus-
tin, 2011; Rosenbaum & Rubin, 1983; Rubin & Thomas, 
1996). In particular, propensity-score based methods can be 
used to estimate the effect of treatment exposure (unhealthy 
foods) on the outcome (childhood overweight). This study 
aimed to use the Malawi Demographic and Health Survey 
(MDHS) data to assess the effect of unhealthy food diets on 
childhood overweight using a covariate adjustment method 
based on the propensity score.

Materials and methods

Study Data and Design

The data was obtained from the 2015-16 Malawi Demo-
graphic Health Survey (MDHS), implemented by the 
National Statistical Office of Malawi in conjunction with 

the Ministry of Health and Malawi’s Community Health 
Services Unit. The sampling procedure and design can be 
obtained from the 2015-16 MDHS report (NSO, 2017). The 
study analyzed data on 4625 children aged 6 to 59 months 
for whom weight (in kilograms) and height (in centime-
ters) were measured as per described in the 2015-16 MDHS 
report.

Childhood overweight and associated confounders

A child was categorized as overweight if his/her weight 
by height (body mass index) z-score was above 2 standard 
deviations from the median of the reference child popula-
tion (WHO, 2006). Our analysis excluded children who 
had missing or “Flagged cases” for the weight by height 
z-scores. Covariates identified within the MDHS as poten-
tial confounders were categorized as child or parent-related. 
These included the following: parent-related; maternal edu-
cation, mother’s age, antenatal visits, and mother’s employ-
ment status. Child-related; history of diarrhea, whether 
a child had fever, household wealth, child’s age, sex of a 
child, place of residence, and birth weight.

Child unhealthy foods

Following WHO/UNICEF (World Health Organization, 
2008;World Health Organization, 2019), a child is fed 
unhealthy foods if their diet contains the following food 
items: sugar-sweetened foods and beverages such as juices, 
soft drinks (fizzy drinks), chocolates, sweets, pastries, and 
cakes; foods with oils, butter, saturated fats; processed foods 
such as cheese, yogurt, and other milk products.

Statistical methods

 The propensity score was obtained as the probability of a 
child being fed unhealthy foods given the measured con-
founders. This was done by fitting a multivariable logistic 
regression on child unhealthy feeding (yes/no).We imple-
mented the propensity score matching using one-to-one 
matching (Gu & Rosenbaum, 1993; Austin & Mamdani 
2006).The effect of unhealthy foods on childhood over-
weight was estimated using a conditional logistic regression 
model on the matched sample.

Results

Summary information about characteristics of feeding prac-
tices and prevalence of overweight for the 4625 children 
aged 6–59 months is presented in Table 1. Out of the 4625 
children, 4.5% (95% CI: (3.8%, 5.3)) were overweight. Of 
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these, 764 children (15.6%) (95% CI: (14.1%, 17.4)) were 
fed unhealthy foods while 3861 (84.4%) were fed healthy 
foods. The common dietary food given to the children was 
grain (12.1%) followed by legumes and nuts (10.0%) and 
then diary (9.8%). Out of the 4625 children, 600 (12.5%) 
(95% CI: (11.1%, 13.9)) children had sugar-sweetened 
foods and beverages and 243 (4.9%) (95% CI: (4.1%, 5.9)) 
had saturated fatty and oily foods.

Propensity score estimation

We modelled the probability of unhealthy feeding by a child 
as a function of potential confounders namely, mother’s 
age, child’s age, child’s sex, household wealth, mother’s 
education, antenatal care visits, place of residence, birth 
weight, history of diarrhoea, mother’s employment status 
and whether a child had fever. The results of the association 
between the confounders and log odds of eating unhealthy 
foods are presented in Table 2. In the univariate analysis, 
a child’s age (25–59 months) (Coef.=-2.11, 95% CI: -2.3, 
-1.9), rural residence (Coef.=-0.8, 95% CI:-1.1,-0.4); a moth-
er’s secondary/post-secondary education (Coef.=0.7, 95% 
CI:0.2, 1.2); antenatal visits (2–3 times) (Coef.=0.8, 95% 
CI:0.5, 1.3), (4 visits and above) (Coef.=0.7, 95% CI:0.4, 
1.2); children who had diarrhea (Coef.=0.6, 95% CI:0.4, 
0.8), and children with mothers who were rich (Coef.=0.4, 
95% CI: 0.2, 0.7) were associated with unhealthy feeding. 
For the multivariate analysis, children aged 25–59 months, 
children with mothers who had secondary or post-secondary 
education and those from rich families were more likely to 

have unhealthy foods. While children residing in rural areas 
were less likely to have been given unhealthy foods.

The Hosmer and Lemeshow goodness-of-fit test was per-
formed to check if the propensity score model fit the data 
well. A p-value of 0.4719 was obtained indicating that the 
model fit the data reasonably well. Besides, a classification 
accuracy analysis test was done to check the percentage of 
children correctly specified into the unhealthy fed group. 
We observed that 92.1% of the children were correctly spec-
ified to either unhealthy feeding or not. The propensity of 
a child being fed unhealthy food was then calculated from 
the estimates obtained from the fitted multivariable logistic 
regression model.

Distribution of confounders and balance 
assessment

Table 3 presents the distribution of the studied confounder 
variables before and after matching. Before matching the 
children based on their propensity scores, we assessed the 
balance of the confounders between the feeding groups. Out 
of the 4625 children, 764 were fed unhealthy foods, and 3861 
were fed healthy foods. Of the 764 children given unhealthy 
foods, 382 (48.9%) of the males were fed unhealthy foods, 
while 1893 (48.2%) males were fed healthy foods. Out of 
the 4625 children, 162 (21.4%) from the urban areas were 
fed unhealthy foods, while 11.3% were fed healthy foods. 
Most children aged 6–24 months were fed unhealthy foods 
(76.2%), while 28.3% were fed healthy foods. Of the chil-
dren from rich households, 40.8% were fed unhealthy foods, 
and 32.3% had healthy foods. For children who had moth-
ers with secondary or post-secondary education, 29.3% 
had unhealthy foods, and 19.3% had healthy foods. Place 
of residence, child’s age, household wealth index, moth-
ers’ educational status, history of diarrhea, and mothers’ 
age were distributed differently between children who had 
unhealthy and healthy foods (P < 0.05), see Table 3. We fur-
ther assessed the systematic differences of the confounders 
using an absolute standardized difference. A standardized 
difference of 0.1 (10%) was used to denote meaningful bal-
ance between children given unhealthy and healthy foods 
across the measured confounders (Normand et al., 2001; 
Austin, 2009).The absolute value of the standardized differ-
ence of the covariates before matching was greater than 0.1 
for mother’s education, child’s age, mother’s age (35 years 
above), place of residence, mother’s wealth status, antenatal 
visits (4 times above) and if a child had diarrhea.

We performed both the one-to-one (1:1) and the four-
to-one (4:1) nearest neighbor matching algorithm with an 
acceptable difference between the scores of 0.2. A com-
parison of the matching algorithms between the groups 
was done and the 4:1 matching algorithm did not produce 

Table 1  Characteristics of child feeding and overweight among the 
5110 under-five children, 2015-16 MDHS
Characteristic Freq. Percent (95% CI)
Overweight 203 4.5% (3.8, 5.3)
Type of complementary
Healthy 3861 84.4 (82.6, 85.9)
Unhealthy 764 15.6 (14.1, 17.4)
Type of food
Diary 441 9.8 (8.6, 11.2)
Grain 557 12.1 (10.8, 13.5)
Legumes and nuts 497 10.0 (8.7, 11.5)
Meat 314 6.6 (5.7, 7.6)
Eggs 142 3.0 (2.4, 3.9)
Fruits and vegetables 74 1.4 (0.9, 2.3)
Sugar-sweetened food and 
beverages
Yes 600 12.5 (11.1, 13.9,)
No 4025 87.5 (86.1, 88.9)
Fatty and oily foods
Yes 243 4.9 (4.1, 5.9)
No 4382 95.1 (94.1, 96)
Freq − Frequency; 95% CI − 95% Confidence Interval
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distribution of all the covariates between children who had 
unhealthy foods and those who had healthy foods (P > 0.05) 
in the matched sample, see Table 4.

Estimation of unhealthy effect on childhood 
overweight

For the unmatched sample, the ordinary logistic regression 
model was used to assess the association between unhealthy 
feeding and childhood overweight, accounting for the 
potential confounders. As shown in Table  5, the effect of 
unhealthy foods on childhood overweight was not signifi-
cant ((OR = 1.0, 95% CI: (0.6, 1.8)).

 However, in using the propensity score matching meth-
ods, a child fed unhealthy foods was more likely to be 

better balance between the scores as compared to the 1:1 
matching. The analysis was done using the matched sample 
obtained using the 1:1 matching algorithm.

We assessed the balance on the matched sample by 
checking that there was no difference between the exposure 
groups across the observed confounders using a McNemar’s 
Bowker’s test for categorical variables (Bowker, 1948). 
After PS matching on the confounders, 584 children who 
had unhealthy foods were matched to 584 children given 
unhealthy foods. We analyzed the matched sample to assess 
the difference in baseline characteristics as shown in Table 3. 
No significant difference was observed in the covariates 
between children given unhealthy foods and those given 
healthy foods. Furthermore, the absolute standardized dif-
ference were less than 0.1 implying homogeneity in the 

Variable Frequency Univariate Coef. (95% CI) Adjusted
Coef. (95% CI)

Residence
Urban 740 (12.8%) ref ref
Rural 3885 (87.2%) -0.76(-1.1,-0.4) -0.59 (-1.0, -0.1)
Mother’s Education
None 580 (13.1%) ref ref
Primary 3018 (66.0%) 0.18(-0.2,0.6) -0.1 (-0.5, 0.4)
Secondary/Post-Secondary 1027 (20.9%) 0.70(0.2, 1.2) 0.36(-0.2, 0.9)
Had diarrhoea last 2 weeks
No 3631 (78.5%) ref ref
Yes 994 (21.5%) 0.60(0.4,0.8) 0.2 (-0.1, 0.4)
Wealth
Poor 2045 (47.2%) ref ref
Medium 904 (19.2%) 0.20(-0.1, 0.5) 0.18 (-0.2, 0.5)
Rich 1676 (33.6%) 0.44(0.2, 0.7) 0.36(0.1, 0.7)
Mothers age
15–24 years 1636(36.6%) 1.00 ref
25–34 years 2103 (45.1%) -0.3(-0.5, -0.02) -0.1(-0.40, 0.2)
35–49 years 886 (18.3%) -0.3(-0.6,0.1) 0.1(-0.3,0.5)
Child’s age
6–24 months 1682 (35.8%) ref ref
25–59 months 2943 (64.3%) -2.1 (-2.3, -1.9) 1.95(1.6,2.4)
Antenatal visits
0–1 137 (4.0%) ref ref
2–3 1603 (44.3%) 0.8(0.5,1.3) 0.1(-0.5, 0.7)
4 above 1868 (51.7%) 0.7(0.4,1.2) 0.1(-0.5, 0.7)
Birth weight
Normal weight 4176 (90.2%) ref ref
Low birth weight 449 (9.8%) -0.2(-0.6,0.2) -0.04(-0.5,0.4)
Fever
No 3209 (68.7%) ref ref
Yes 1416 (31.3%) 0.2(-0.03,0.4) 0.3(-0.01,0.5)
Mother’s employment
Not employed 1330 (28.0%) ref Ref
Employed 3295 (72.0%) -0.1(-0.4,0.2) 0.07(-0.2,0.4)
Sex of child
Male 2275 (48.3%) ref Ref
Female 2350 (51.7%) -0.02(-0.2, 0.2) 0.05(-0.2,0.3)

Table 2  Association (on log-odds 
scale) between diet type and 
confounders of obesity, 2015-16 
MDHS

Coef − Coefficient, 95% CI− 95% Confidence 

Interval
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confounders on the estimated effects (Rosenbaum, 2005; 
Rosenbaum & Small, 2017). This was done using the Man-
tel Haenszel’s sensitivity test (Aakvik, 2001; Rosenbaum, 
2005)). We found that possibility of unmeasured confound-
ers would not greatly affect the estimated effect of unhealthy 
foods on child overweight.

  Breastfeeding duration is an important confounder of 
child feeding and growth (Martin, 2001; Haider & Saha, 
2016; Lang Morović & Musić Milanović, 2019). Thus, we 
also re-run the analyses for only children with breastfeed-
ing duration. There was no major differences in the estima-
tion of the effect between unhealthy foods and childhood 
overweight.

overweight (OR = 2.5, 95% CI: (1.2, 5.2)) compared to those 
who had healthy foods.  Children in urban areas who were 
fed unhealthy foods were significantly more likely to be 
overweight (OR = 3.4, 95% CI: (0.7, 16.7)).  However, this 
was not the case for rural children (OR = 2.2, 95% CI: (1.0, 
5.2)), (Table 6). A number of variables had missing data. We 
performed basic imputations and re-run the analysis. The 
estimated effects of unhealthy foods were hardly affected.

Sensitivity analysis

In the application of the propensity score matching, there 
is a need to consider the possible influence of unmeasured 

Table 3  Distribution of characteristics before and after matching
Before Matching After Matching
Unhealthy (n = 764) Healthy

(n = 3861)
Unhealthy (n = 584) Healthy (n = 584)

Characteristic N (%) N (%) p-value N (%) N (%) p-value*
Age of child
6–24 months 591 (76.2) 1091(28.3) 434(74.3) 416(71.2)
25–59 months 173(23.8) 2770(71.7) <0.001 150(25.7) 168(28.8) 0.483
Sex of child
Male 382(48.9) 1893(48.2) 292(48.1) 292(49.6)
Female 382 (51.1) 1968(51.8) 0.775 292(51.9) 292(50.4) 0.359
Residence
Urban 162(21.4) 578(11.3) 135(22.5) 128(20.4)
Rural 602(78.6) 3283(88.7) < 0.001 449(77.5) 456(79.7) 0.882
Mothers’ Education
None 72(10.4) 508(13.8) 51(9.5) 38(6.3)
Primary 472(60.3) 2546(66.9) 351(59.2) 365(64.1)
Secondary & Post-Secondary 220(29.3) 807(19.3) < 0.001 182(31.4) 181(29.7) 0.783
History of diarrhoea
No 533(68.9) 3098(79.2) 362(60.6) 361(60.8)
Yes 231(31.0) 763(20.8) < 0.001 222(39.4) 223(39.2) 0.353
Birth weight
Normal weight 700(91.8) 3476(89.9) 553(91.3) 544(93.9)
Low birth weight 64(8.2) 385(10.1) 0.237 51(8.7) 40(6.1) 0.117
Wealth
Poor 287(40.4) 1758(48.7) 209(39.3) 218(40.7)
Medium 149(18.7) 755(19.1) 112(19.0) 114(17.0)
Rich 328(40.8) 1348(32.3) 0.004 263(41.7) 252(42.3) 0.311
Had Fever
No 503 (65.2) 2706 (69.3) 355 (59.0) 347 (57.7)
Yes 261 (34.8) 1155 (30.7) 0.084 229 (41.0) 237 (42.3) 0.052
Mother’s Employment status
Not employed 218 (29.7) 1112(27.7) 168 (29.6) 168 (26.6)
Employed 546 (70.3) 2749(72.3) 0.481 416 (70.4) 416 (73.4) 0.572
Maternal Age
15–24 years 337(41.5) 1299(34.2) 269 (44.5) 269 (47.0)
25–34 years 319(42.1) 1784(46.4) 235(40.1) 233 (39.7)
35–49 years 108(16.4) 778(19.4) 0.036 80 (15.4) 82 (13.3) 0.071
i) * p−values calculated using McNemar’s test for dichotomous variables and Marginal homogeneity test for covariates with more than two categories for n=275

ii) N − Number (frequency)

iii) p − p−value
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overweight is conflicting due to the paucity of RCTs within 
the region. This study used observational data to determine 
the association between the consumption of unhealthy foods 
and childhood overweight in Malawi. The propensity score 
matching was used to balance the confounder distribution 
between children fed unhealthy foods and those fed healthy 
foods. Multivariate logistic regression was used to model 
a child’s dietary food as a function of measured confound-
ers to obtain the propensity of eating unhealthy foods using 
the 2015-16 MDHS. The results showed that children fed 

Discussion

Childhood overweight is an emerging public health prob-
lem in SSA, where most children are given unhealthy food. 
Evidence on the impact of unhealthy foods on childhood 

Table 4  Absolute Standard Differences and p-values Before and After 
Matching

Before After
Confounders Abs. Std. 

Difference
p-values Abs. Std. 

Difference
p-val-
ues

Sex of a child
Male 0.019 0.624 0.000 1.000
Female 0.019 0.624 0.000 1.000
Mothers’ education
None 0.127 0.008 0.084 0.153
Primary 0.100 0.026 0.049 0.400
Secondary/
Post-Second-
ary

0.199 < 0.001 0.004 0.950

Child’s age
6–24 months 1.130 < 0.001 0.010 0.161
25–59 months 1.130 < 0.001 0.000 1.000
Residence
Urban 0.176 < 0.001 0.029 0.624
Rural 0.176 < 0.001 0.029 0.624
Had diarrhoea
No 0.341 < 0.001 0.004 0.952
Yes 0.341 < 0.001 0.004 0.952
Fever
No 0.127 0.004 0.028 0.633
Yes 0.127 0.004 0.028 0.633
Wealth
Poor 0.159 0.001 0.032 0.585
Medium 0.010 0.824 0.009 0.882
Rich 0.166 < 0.001 0.038 0.517
Mothers’ age
15–24 years 0.263 < 0.001 0.000 1.000
25–34 years 0.113 0.024 0.007 0.905
35 years 
above

0.190 < 0.001 0.010 0.866

Birth weight
Low birth 
weight

0.026 0.174 0.070 0.231

Normal birth 
weight

0.026 0.174 0.070 0.231

Mother’s 
Employment 
status
Not employed 0.006 0.882 0.000 1.000
Employed 0.006 0.882 0.000 1.000
Antenatal visit
0–1  times 0.009 0.845 0.206 0.257
2–3 times 0.002 0.961 0.047 0.724
4 above 0.006 0.902 0.035 0.953
Abs. Std. Diff − Absolute Standardized Differences

Table 5  Association between unhealthy feeding and overweight before 
matching
Characteristics Overweight for height

OR (95% CI)
Type of foods
Healthy 1.00
Unhealthy 1.0 (0.6, 1.8)
Gender
Male 1.00
Female 0.7 (0.5, 1.1)
Mothers’ education
None 1.00
Primary 0.8 (0.3, 2.1)
Secondary/Post-Secondary 0.5 (0.2, 1.5)
Child’s age
6–24 months 1.00
25–59 months 0.5 (0.3, 0.9)
Residence
Urban 1.00
Rural 2.2 (1.1, 4.5)
Had diarrhoea
No 1.00
Yes 0.4 (0.3, 0.8)
Fever
No 1.00
Yes 0.6 (0.4, 1.0)
Wealth
Poor 1.00
Medium 1.2 (0.7, 2.2)
Rich 1.6 (0.9, 2.7)
Mothers’ age
15–24 years 1.00
25–34 years 1.2 (0.7, 2.0)
35 years above 0.6 (0.3, 1.4)
Birth weight
Low birth weight 1.00
Normal birth weight 1.5 (0.6, 4.0)
Mother’s Employment status
Not employed 1.00
Employed 1.0 (0.6, 1.5)
Antenatal visit
0–1  times 1.00
2–3 times 0.5 (0.2, 1.1)
4 above 0.5 (0.2, 1.2)
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other studies that have used observational studies because 
we used covariate adjustment methods based on the propen-
sity score. There is a possibility that other unmeasured fac-
tors would have to be controlled in terms of the propensity 
score matching. However, our sensitivity analysis showed 
that the estimated effect could not have been affected by the 
unmeasured factors. Another limitation was that unhealthy 
foods were based on self-reported information and a 24-hour 
recall of the type of dietary food a child was given which 
may result in recall bias.

Conclusions

The findings from this study revealed the adverse effect of 
unhealthy feeding on child overweight. Child feeding inter-
ventions in sub-Saharan African should been encouraged 
and supported to reduce the consumption of unhealthy foods 
to address the problem of child overweight in the region. .
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unhealthy foods were more likely to be overweight than 
those provided healthy foods.

Several studies have also found a significant impact of 
consuming unhealthy snacks and sugar-sweetened bev-
erages on childhood overweight (O’Connor et al., 2006; 
Jimenez-Cruz et al., 2010). On the contrary, some studies 
have found no association between consuming foods high in 
fats, sugars, and unprocessed and being overweight among 
children aged 6 to 23 months, particularly among countries 
with a low prevalence of childhood overweight (Budree et 
al., 2017; Pries, Filteau, et al., 2019). The possible reason 
for these differences might be different feeding practices 
among under-five children by country, differences in socio-
economic status, cultural differences in feeding preferences, 
and different nutrition assessment methods (Min et al., 
2021; Otitoola et al., 2021).

Malawi has programs such as the Malawi National 
Multi-Sector Nutrition Policy 2018–2022 that ensure that 
under-five-year-old children have optimal feeding (Minis-
try of Health, Malawi, 2018). However, the implementation 
and adoption of these policies tend to be challenging among 
the poor and rural households. The lack of access to quality 
healthy foods among the poor and with the rise in urbaniza-
tion, children are mostly fed locally-made processed foods, 
which are a major source of unhealthy eating (Kalimbira 
& Gondwe, 2015; Casari et al., 2022). Evidence from this 
study support recent alarms made by public health special-
ist on the growing prevalence of unhealthy eating which 
is resulting in high childhood overweight in SSA. There 
is a need to intensify interventions that promote appropri-
ate child feeding practices in Malawi and the region and to 
ensure the uptake of the guidelines at all socio-economic 
levels.

Findings in this study are subject to constraint in that 
there was no temporal association between unhealthy feed-
ing and being overweight. Even though we did not have 
temporality, our study provides more robust findings than 

Table 6  The effect of unhealthy foods on childhood obesity, Malawi 
2015-16
Indicators Overall Urban Rural

OR (95% 
Conf. Int)

OR 
(95% 
Conf. 
Int)

OR 
(95% 
Conf. 
Int)

Overweight 2.5 (1.2, 5.2)3.4 (0.7, 
16.7)

2.2 
(1.0, 
5.2)

i) The odds ratio and 95% confidence interval were obtained by the conditional logistic regression 

analyses (n=368)

ii) AOR − Adjusted odds ratio

iii) Approp. − Appropriately complementary fed

iv) OR − Odds ratio

v) Conf.Int − Confidence Interval
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ABSTRACT
In this paper, a Marginal Structural Model (MSM) with inverse prob-
ability of treatment weights was used to estimate the causal effect
of HIV positivity awareness on condom use andmultiple sexual part-
ners using data from the Malawi Longitudinal Study of Families and
Health (MLSFH). Cumulative awareness of HIV positivity was mea-
suredas thenumberof times an individualwas awareof their positive
HIV status. Awareness of HIV positivity was associatedwith increased
condom use (OR=2.22, 95%: (1.79, 2.75)). Only among women was it
associated withmultiple sexual partners (OR=1.76, 95%: (1.36, 2.28)).
The use of MSM (over standard regressionmodels for repeatedmea-
sures) should be encouraged as it is more suited for assessing the
cumulative treatment effects while controlling for time-varying con-
founders in longitudinal studies. There is a need to up-scale inter-
ventions that promote HIV testing, awareness of HIV status, and
prevention of HIV transmission.
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1. Introduction

Risky sexual behaviors such as premarital sex, multiple sexual partners, and unprotected
sex have been shown to be major contributors to new HIV infections and account for the
high HIV transmission in sub-Saharan Africa [1–4]. With the increase in programs that
promote HIV testing and HIV status awareness, research interest is now shifting to assess
the effect ofHIV status awareness on risky sexual behavior [5–7].Most of the empirical evi-
dence on the association between awareness of HIV status and risky sexual behavior comes
from using cross-sectional studies [8–11], which could be limited as the exposure and out-
come are observed simultaneously. Longitudinal studies provide the temporal dependence
between the exposure and outcome to estimate the causal effect. Thus, there is a need for
awareness of HIV status (exposure) to precede sexual behavior (outcome) to estimate the
causal effect correctly.
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Gender, educational level, social-economic status, age, knowledge, and attitudes towards
HIV are some factors associated with awareness of HIV status and risky sexual behav-
iors [1, 12–16]. In longitudinal studies, an individual’s age and years of education are time-
varying. Additionally, prior awareness of HIV positivity could affect school progression
due to stigmatization associated with low self-confidence, anxiety, and depression [17–21].
Thus, facing a challenge of treatment-confounder feedback [22]. Such complex confound-
ing should be taken into account in all analyses aimed at estimating the effect of awareness
of HIV positivity on risky sexual behaviors.

In the presence of time-dependent confounders, standard regression models for
repeated measures could result in biased treatment effect estimates resulting in erroneous
conclusions [23–26]. Marginal structural models (MSM) could be used to estimate the
causal effect of time-varying treatment while controlling for time-varying confounders in
longitudinal studies [23]. Among themanyways of adjusting for imbalances in confounder
variables when using MSMmethods, the inverse probability of treatment weights (IPTW)
is mostly used to estimate the treatment causal effect. The weights are obtained as a prod-
uct of the inverse of the probability of treatment exposure conditional on past treatment
exposures and confounders at each time point. Using HIV related data from the Malawi
Longitudinal Study of Families and Health (MLSFH), this study sought to estimate the
causal effect of HIV positivity awareness on condom use and multiple sexual partners.

2. Materials andmethods

2.1. TheMalawi longitudinal study of families and health (MLSFH)

The Malawi Longitudinal Study of Families and Health (MLSFH) which collects socio-
economic, family dynamics and health information including HIV for up to 4000 couples
in the 120 villages across the three districts were used [27–29]. For this paper, 2540 indi-
viduals enrolled in 2004 and followed up at eight time points namely; 2006, 2008, 2010,
2012, 2013, 2017, 2018, and 2019 were studied.

2.1.1. Exposure
This study concentrated on individuals who were aware of their HIV test results. In each
year, awareness of HIV positivity was defined as an individual’s knowledge of their pos-
itive HIV test result. Over the entire period from 2004 to 2019, the cumulative measure
of awareness of an individual’s HIV positivity was measured as the number of times the
individual was aware of their positive HIV test result.

2.1.2. Outcome(s)
In this study, risky sexual behavior was measured by the number of sexual partners and
condom use at last sex. Condom use at last sex was categorized as 1 (=Yes) of 0 (=No)
and for number of sexual partners, it was 1 (≥ 2) or 0 (if 0, 1).

2.1.3. Confounders
The following predictor variables were considered as baseline confounders: region, reli-
gion, wealth, given an incentive to collect HIV test results, distance to HIV testing and
counseling (HTC) centers, perceived risk of HIV infection, gender, and comprehensive



BIOSTATISTICS & EPIDEMIOLOGY 3

Figure 1. Directed Acyclic Graph (DAG) on HIV status awareness on multiple sexual partners for three
time periods where X0 denotes the baseline confounders.

HIV knowledge. Age in years and education level (0 to 12 years) were considered as
time-varying confounders. Figure 1 illustrates this relationship.

2.2. Marginal structural models

Suppose for individual i, i = 1, . . . , n, a binary exposure (awareness of HIV status)
is observed, At = (0 − awareness of HIV negativity, 1 − awareness of HIV positivity), at
time t for t = 1(2004), . . . , 9(2019). A1 represents awareness of HIV status at baseline
(t = 1). For individual i, Xt represents a vector of time-varying confounders that may be
associated withAt , whereX1 are the baseline confounders. Further, Āt = (A1,A2, . . . ,A9),
and X̄t = (X1,X2 . . . ,X9) denote the observed histories of treatment, and observed con-
founders from baseline through the follow-up times (2006, 2008, . . . , 2019), respectively.
The vector āt = (a1, a2, . . . , a9) denotes the history of the possible values of Āt at each time
point. Let Yt(āt) be the potential condom use (or multiple sexual partners) at time t that
would have been observed had an individual been aware of their HIV status history (either
negative or positive). Then, the estimate of interest is the difference in the means of the
potential outcomes E[Yt(āt)] between different awareness of HIV positivity exposures, āt ,
at time t. For the two binary outcomes, E[Yt(āt)] is simply P(Yt(āt) = 1), the conditional
probability of the respective outcome=1 at time t. The MSM can be modeled as:

E[Yt+1(āt)] = logit(P(Yt(āt) = 1)) = g(āt ;β) (1)

where g(āt ;β) is a specified function of the exposure which depends on the question of
interest. One would be interested in assessing the effect of being always aware of HIV
positivity (i.e. āt = (1, 1, . . . , 1)) on risky sexual behavior against never aware (i.e. āt =
(0, 0, . . . , 0)), or aware of HIV positivity at t = 4 and t = 7, or allow awareness at differ-
ent times to have different treatment effects

∑T
t=1 βtat . Additionally, the additive effect of

awareness of HIV positivity on condomuse (ormultiple sexual partners)may be of interest
and the cumulative positivity would be used.Wemodeled theMSM based on the observed
awareness of HIV status and outcome at time (t) for individual i as follows;

logit(P(Yt+1 = 1|Āt = āt)) = β0 + β1

9∑

k=1

At (2)

Where β0 is the unknown intercept, β1 is the estimated effect of cumulative awareness
of HIV positivity (

∑9
k=1 At) compared to HIV negativity awareness on reducing multiple
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sexual partners or increase condom use over time, as a hypothesis. Equation (2) assumes
that each additional period of awareness of HIV status has an additive effect (the effect over
time) on change in condom use and multiple sexual partners

The parameter β1 is estimated under the assumptions of no unmeasured confounding
(exchangeability) and positivity, known as the strong ignorability assumption. Exchange-
ability assumes that the potential outcomes (the hypothetical outcomes under given expo-
sure levels) are independent of the actual exposure level. For example, for the relationship
between condom use and awareness of HIV status, the potential outcomes are condom
use were an individual to be aware of HIV negativity, and condom use were that same
individual to be aware of HIV positivity at time t (two of these potential outcomes will be
counterfactual). Exchangeability would mean that these potential outcomes are indepen-
dent of an individual’s actual HIV awareness status after accounting for all the measured
confounders, including HIV status awareness history. The positivity assumption implies
that individuals have a non-zero probability of being either aware of HIV negativity or
aware of HIV positivity, for all the identified covariates and past exposure history. In this
study, the exposure was assumed to be time-varying and once the individual was aware of
their HIV positivity, it remained constant.

2.2.1. Inverse probability treatment weights (IPTW)
The inverse probability of treatment weights (IPTWs)were used to adjust for confounding.
The IPTWs were the inverse of the conditional probability of awareness of HIV positivity
at time t, given prior awareness of HIV positive status and covariate history. They were
calculated for each individual by first estimating the probability, P(At = 1|Āt−1, X̄), using
a multivariable logistic regression model and then obtaining a product of their inverses to
get the overall weight;

Wa
i (t) =

t∏

k=1

1
P(Ak = 1 | Āk−1 = āk−1, X̄k = x̄k,X1)

(3)

where k = 1, . . . , t, Āk−1 is the past exposure history. Individuals aware of their HIV posi-
tivity were given a weight of 1/P(At = 1|Āt−1, X̄) and those aware of HIV negativity were
given aweight of 1/(1 − P(At = 1|Āt−1, X̄)). Individuals with a small probability of aware-
ness ofHIVpositivitymay obtain a largeweight and vice versa resulting in extremeweights.
Extreme weights affect the estimated effects by inflating the variance and confidence inter-
vals [30, 31]. Thus, extreme weights can be handled through either weight stabilization or
weight truncation (trimming). In this study, the stabilized inverse probability treatment
weights (sIPTW) were used. Stabilizing the weights was achieved by replacing the numer-
ator in (3) (which is 1 in the unstabilized weights) with the probability of awareness of
HIV positivity given past awareness of HIV positivity and all the baseline confounders (i.e.
without time-dependent covariates). The sIPTW were calculated as follows;

SWa
i (t) =

t∏

k=1

P(Ak = 1 | Āk−1 = āk−1,X1)

P(Ak = 1 | Āk−1 = āk−1, X̄k = x̄k,X1)
(4)

X̄k is the vector of time-dependent covariate history. The numerator for the sIPTW
(Equation (4)) was also estimated using a multivariable logistic regression model.
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The weights described in (3) and (4) only control for time-varying confounders and
exposures and are not designed to account for loss-to-follow-up (LTFU). Thus, to con-
trol for loss-to-follow-up, one could consider defining censoring weights. Individuals
who refused to participate, were dead, moved out or not eligible to participate in the
MLSFH study were considered as censored while individuals who were temporarily absent
were uncensored. Let Dt indicate loss-to-follow-up throughout the study, then Dt = (1 −
censored and, 0 − not censored). We denote D̄t = (D1,D2, . . . ,D9) as the LTFU history
with the assumption of no censoring at baseline (D(1) = 0). The weights for censoring
were obtained by estimating the probability of remaining in the study (uncensored) at time
t conditional on being uncensored in the past (t−1) and the observed confounders. The
weights for LTFU are defined as;

SWd
i (t) =

t∏

k=1

P(Dk = 0 | D̄k−1 = 0, Āk = āk)
P(Dk = 0 | D̄k−1 = 0, Āk = āk, X̄k = x̄k)

(5)

The final weights for individual i were calculated as a product of the stabilized and the
censoring weights at time t.

SWi = SWa
i (t) × SWd

i (t) (6)

The weight in (6) correctly accounts for confounding bias due to confounders (both time-
independent and time-varying covariates) under the assumptions of strong ignorability
(exchangeability and positivity), consistency and no mis-specification of the model used
to estimate the treatment probabilities [32, 33].

3. Description of the data and results

3.1. Awareness of HIV status by year

The distribution of awareness of HIV status by year of collection is shown in Table 1. A
majority (92.8%) of the individuals wereHIV negative while 183 (7.2%) wereHIV positive.
In 2004, more than half of those who were HIV positive (62.8%) were aware of their HIV
positivity while 68 (37.2%) were unaware of their HIV positive status. Awareness of HIV
positivity increased over time among those who were HIV positive, with a majority of
individuals in 2006 (96.8%) and 2008 (97.4%) being aware of their HIV positivity. All the
individuals who were HIV positive in 2010 and 2012 were aware of their HIV positive
status. In 2017 and 2018, 73 individuals who were HIV positive were aware of their HIV
positivity status. In subsequent years from 2004, awareness of HIV positivity increased.

3.2. Assessing balance of confounders

The distribution of the baseline characteristics for the study participants across awareness
of HIV positivity or negativity together with their respective associations are presented in
Table 2. A number of the confounders were found to have different distributions between
the HIV positivity and negativity awareness groups. Awareness of HIV positivity was also
associated with having multiple sexual partners. This provided empirical support for the
causal relationship hypothesized in Figure 1.
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Table 1. Distribution of HIV status awareness by wave.

Awareness of HIV status

HIV positivity (N=183 (7.2%)) HIV negativity (N=2357 (92.8%))

Year Yes No Subtotal Yes No Subtotal Total

2004 115 (62.8%) 68 (37.2%) 183 1626 (69.0%) 731 (31.0%) 2357 2540
2006 91 (96.8%) 3 (3.2%) 94 1568 (98.7%) 20 (1.3%) 1588 1682
2008 74 (97.4%) 2 (2.6%) 76 1448 (99.6%) 6 (0.4%) 1454 1530
2010 74 (97.4%) 2 (2.6%) 76 1418 (99.6%) 6 (0.4%) 1424 1500
2012 42 (100%) 0 (0.0%) 42 607 (97.6%) 15 (2.4%) 612 664
2013 42 (100%) 0 (0.0%) 42 606 (97.6%) 15 (2.4%) 621 663
2017 73 (98.6%) 1 (1.4%) 74 819 (100%) 0 (0.0%) 819 893
2018 73 (98.6%) 1 (1.4%) 74 819 (100%) 0 (0.0%) 819 893
2019 58 (100%) 0 (0.0%) 58 671 (100%) 0 (0.0%) 671 729

Table 2. Distribution of baseline characteristics by HIV
status awareness of study participants in the MLSFH for
year 2004.

Awareness of HIV status

HIV positivity HIV negativity p-value

Total (n=1741) 115 (6.6%) 1626 (93.4%)
Gender

Women 67 (58.3) 870 (53.5%)
Men 48 (41.7%) 756 (46.5%) 0.323

Age category
15–44 years 83 (72.2%) 1182 (72.7%)
45 years above 32 (27.8%) 444 (27.3%) 0.525

Wealth
Poor 45 (45%) 547 (41.9%)
Medium/rich 55 (55.0%) 759 (58.1%) 0.543

Education
None 23 (23.5%) 355 (24.8%)
Some education 75 (76.5%) 1076 (75.2%) 0.766

Religion
Christian 53 (48.6%) 859 (55.4%)
Muslim or other 56 (51.4%) 677 (44.1%) 0.043

Incentive
No 34 (45.9%) 482 (48.5%)
Yes 40 (54.1%) 512 (51.5%) 0.044

Region
North 43 (37.4%) 536 (32.9%)
Central 51 (44.4%) 600 (36.9%)
South 21 (18.3%) 490 (30.2%) 0.025

Condom Use
No 68 (73.9%) 1001 (74.5%)
Yes 24 (26.1%) 342 (25.5%) 0.895

Multiple partners
No 20 (19.2%) 535 (39.1%)
Yes 84 (80.8%) 832 (60.9%) < 0.001

The study had individual dropouts either due to death,migration, or not being eligible to
participate. Thus, the distribution of the purported confounders differed by loss-to-follow-
up (LTFU) for the succeeding year of 2004 was assessed, and the findings are presented in
Table A1 in the Appendix. The findings show differences in distribution between the LTFU
levels among some of the measured confounders; hence, we controlled for loss-to-follow-
up in the analysis.
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Figure 2. Distribution of the log of non-stabilized, censoring, and stabilized weights.

Table 3. Distribution of inverse probability weights.

Weights Mean (SD) Median Interquartile range Min Max

Unstabilized 0.89 (0.5) 0.88 (0.81, 0.95) 0.0 16.40
Stabilized 1.0 (0.01) 1.0 (0.99, 1.00) 0.8 1.2
Censoring 0.99 (0.18) 0.99 (0.95, 1.03) 0.16 5.97

3.3. Distribution of weights

Table 3 presents the distribution of the unstabilized, stabilized and censoring weights. The
unstabilized weights had a mean of 0.89, a median of 0.88, a standard deviation of 0.5, and
an inter-quartile range of (0.81, 0.95). The maximum weight was 16.4, implying that an
individual with the largest weight contributed about 16 people to the pseudo-population.
The unstabilized weights had a huge variability across the time points, see Figure 2(a).
Conversely, the stabilized weights had a median and mean centered at 1.0 across all time
points, as shown in Figure 2(b). The range narrowed to aminimumof 0.99 and amaximum
of 1.00. The maximum weight was 1.2, which corresponded to a contribution of 1 person
to the pseudo-population. The censoring weights had a mean of 0.99 and median of 0.99
and ranged between 0.95 and 1.03, see Figure 2(c). The stabilized weights were less variable
(SD=0.01) and the mean and median were centered around 1.0 as required, compared to
the censoring and the unstabilized weights.
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The distributions of the weights used for the MSM are shown in Figure 2a (Dis-
tribution of the log of unstabilized and stabilized weights) for several follow-up times.
The weights are presented as a logarithmic form for display purposes. The unstabilized
weights produced a skewed distributionwith extremeweights as compared to the stabilized
weights.

3.4. Effect of HIV status awareness on risky sexual behavior

Aweighted (IPTW)marginal logistic regressionmodel was used to estimate the awareness
of HIV positivity effects. The weights were calculated using the IPW package [34]. For
modeling repeated multiple partners and condom use measurements, independent and
AR(1) working correlation matrices were assumed and we estimated the variance using
‘robust’ standard errors using the geepack package in R [35]. An independent working
correlation matrix was used in our analyses because other correlation structures defined
using the generalized estimating equations (GEEs) have been shown to produce biased
treatment effect estimates when past outcomes affect future exposures (in our example
having multiple sexual partners may influence an individuals decision to know their HIV
positivity) [36, 37]. The weightedmodels were compared to the estimated treatment effects
obtained from the standard multivariable binary logistic model were we also adjusted for
the effect of year.

3.4.1. Standardmultivariable logistic regressionmodel
Table 4 presents the odds ratio for the association between awareness of HIV positivity and
condom use or multiple sexual partners. Condom use was significantly associated with
awareness of HIV positivity (OR: 2.30; 95% CI=(1.82, 2.90)), (Table 4(a)). Additionally,
men (OR: 1.72; 95% CI=(1.50, 1.97)); individuals with a primary (OR: 1.32; 95% CI=(1.08,
1.62)) and secondary education (OR: 1.73; 95%CI=(1.31, 2.29)); individuals frommedium
or rich households (OR: 1.16; 95% CI=(1.02, 1.32)) and those from the southern region
(OR: 2.12; 95% CI=(1.34, 3.37)) were more likely to use condoms.

Table 4(b) presents the association between multiple sexual partners and awareness of
HIVpositivity adjusting for themeasured confounders. Individuals aware ofHIVpositivity
weremore likely to havemultiple partners (OR: 1.52; 95%CI=(1.17, 1.98)).Menweremore
likely to have multiple partners than women (OR: 3.11; 95% CI=(2.67, 3.62)). On the other
hand, individuals from medium or rich households (OR: 0.81; 95% CI=(0.71, 0.93)) were
less likely to have multiple sexual partners. In addition, over time individuals were less
likely to have multiple partners (OR: 0.71; 95% CI=(0.68, 0.75)).

3.4.2. Marginal structural model
Both the unstabilized and stabilized weights were used to fit the MSM model. Only the
results for the stabilizedweights are reported (see, Table 5) as the distribution of theweights
were more stable (the results for the unstabilized weights are reported in Table A2 in
the Appendix). In using the MSM, the higher the number of times a person was aware
of their HIV positivity resulted in an increase in condom use (OR: 2.22; 95% CI=(1.79,
2.75)) compared to those individuals aware of HIV negativity (see Table 5(a)). However,
the cumulative effect of awareness of HIV positivity on multiple sexual partners was not
significant (OR: 1.06; 95% CI=(0.83, 1.35)) (see Table 5(b)).
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Table 4. Effect estimates (Odds ratios, (95% confidence Interval))
using standard multivariable logistic model.

Covariates Odds ratio 95% Conf. Int.

(a) Condom Use
Intercept 1.62 (1.23, 2.14)
HIV aware (HIV negativity vs HIV positivity) 2.30 (1.82, 2.90)
Gender (women vs men) 1.72 (1.50, 1.97)
Age (in years) 0.43 (0.37, 0.50)
Wealth (poor vs medium/rich) 1.16 (1.02, 1.32)
Education (none vs primary) 1.32 (1.08, 1.62)
Education (none vs secondary/Tertiary) 1.73 (1.31, 2.29)
Religion (Muslim or other vs Christian) 1.02 (0.88, 1.18)
Region (North vs Central) 0.99 (0.74, 1.32)
Region (North vs South) 2.12 (1.34, 3.37)
Year 0.99 (0.96, 1.02)

(b) Multiple Sexual Partners
Intercept 0.31 (0.23, 0.42)
HIV aware (HIV-negativity vs HIV positivity) 1.52 (1.17, 1.98)
Gender (women vs men) 3.11 (2.67, 3.62)
Age (in years) 1.00 (0.99, 1.01)
Wealth (poor vs medium/rich) 0.81 (0.71, 0.93)
Education (none vs primary) 1.07 (0.89, 1.30)
Education (none vs secondary/Tertiary) 0.88 (0.62, 1.25)
Religion (Muslim or other vs Christian) 1.16 (0.98, 1.37)
Region (North vs Central 1.22 (0.90, 1.68)
Region (North vs South) 0.95 (0.56, 1.63)
Year 0.71 (0.68, 0.75)

Note: 95% Conf. Int. – 95% Confidence Interval.

Table 5. Effect Estimates of awareness of HIV positivity on risky
sexual behavior using stabilized weights.

Odds ratio 95% CI p-value

(a) Condom Use
Intercept 0.11 (0.10, 0.14) < 0.001
HIV negativity 1.00 – –
HIV positivity 2.22 (1.79, 2.75) < 0.001

(b) Multiple Sexual Partners
Intercept 0.24 (0.21, 0.27) < 0.001
HIV negativity 1.00 – –
HIV positivity 0.96 (0.83, 1.35) 0.63

Notes: (i) We controlled for the following confounders:- gender, wealth, age,
education, time (wave), religion, comprehensive HIV knowledge, distance to
VCT, received an incentive, perceived partners HIV status, likelihood has HIV,
region.

(ii) 95% CI – 95% Confidence Interval.

Based on the results, the standard logistic regression model showed an increased effect
on multiple sexual partners. On the other hand, the MSM produced a decreased effect of
the multiple sexual partner estimates. From the findings, the unstabilised weighted model
produced treatment effect estimates with wider confidence intervals implying large stan-
dard errors due to the high variability in the weights, unlike the estimated treatment effects
from the stabilized weighted model.
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Table 6. Effect estimates of awareness of HIV positivity by gender.

Men Women

Odds ratio 95% CI Odds ratio 95% CI

(a) Condom Use
Intercept 0.19 (0.14, 0.26) 0.10 (0.07, 0.11)

Awareness
HIV negativity 1.00 – 1.00 –
HIV positivity 2.32 (1.66, 3.24) 2.24 (1.70, 2.95)

Multiple partners
No 1.00 – 1.00 –
Yes 1.45 (1.19, 1.76) 1.29 (1.02, 1.63)

(b) Multiple Sexual Partners
Intercept 0.60 (0.46, 0.77) 0.14 (0.12, 0.17)

Awareness
HIV negativity 1.00 – 1.00 –
HIV positivity 0.76 (0.49, 1.18) 1.76 (1.36, 2.28)

Condom use
No 1.00 – 1.00 –
Yes 1.41 (1.18, 1.67) 1.28 (1.01, 1.62)

Note: 95% CI – 95% Confidence Interval.

3.4.3. The effect of awareness of HIV positivity status by gender
The effect of awareness of HIV positivity on condom use and multiple sexual partners
was further stratified by gender (Table 6). Both men (OR= 2.32; 95% CI:(1.66, 3.24)) and
women (OR= 2.24; 95% CI:(1.70, 2.95)) with a higher number of times aware of their HIV
positivity were more likely to use condoms (Table 6(a)). However, only the women aware
of their HIV positivity were more likely to have multiple sexual partners (OR= 1.76; 95%
CI:(1.36, 2.28)) (Table 6(b)).

Further assessing the effect of condom use on multiple sexual partners and vice versa
stratified by gender showed that men (OR= 1.45; 95% CI:(1.19, 1.76)) and women (OR=
1.29; 95% CI:(1.02, 1.63)) who had multiple sexual partners were more likely to use con-
doms (Table 6(a)). Similarly, men (OR= 1.41; 95% CI:(1.18, 1.67)) and women (OR=
1.28; 95% CI:(1.01, 1.62)) who used condoms were more likely to have multiple partners
(Table 6(b)). This may imply the possible correlation between the risky sexual behavior
outcomes.

3.5. Sensitivity analysis

TheMSM using IPTWwas employed under the assumption of no unmeasured confound-
ing and this cannot be tested. Some unobserved confounders such as disclosure of partner’s
HIV status, alcohol use, and pre-and-post counseling may confound the estimated effects
of awareness of HIV positivity on condom use and multiple sexual partners [38]. In this
study, the impact of unobserved confounders on the estimated effects were assessed using
the so-called (‘evidence of causality’) or E-value statistic [39, 40]. It was found that the
effect onmultiple sexual partners could have been affected greatly with a smaller impact of
unmeasured confounders, but a larger impact could have been required to alter the effect
on condom use (Table A3).
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4. Discussion

Marginal structural models can be used to estimate the effect of an exposure on an out-
come by adjusting for time-varying confounding using an inverse probability of treatment
weights (IPTW) in longitudinal studies. Using this technique, the study set out to esti-
mate the causal effect of awareness of HIV positivity on condom use and multiple sexual
partners using data from theMalawi Longitudinal Study of Families and Health (MLSFH).
Awareness of HIV positivity was associated with increased condomuse. It was significantly
associated with multiple sexual partners among women only.

The finding of an association between awareness of HIV positivity and increased con-
dom use has been found in some previous studies [8, 16, 41–43]. This could indicate the
effectiveness of policies and interventions in Malawi, such as the Malawi National Con-
dom Strategy 2015-2020, the National HIV prevention strategy, and the National Sexual
Reproductive Health and Rights (SRHR) policy [44], that are aimed at promoting safer sex
to prevent HIV transmissions. Additionally, an increase in condom use among individuals
aware of HIV positivity could also be attributed to individuals havingmultiple sexual part-
ners and opting to use condoms for protection [45, 46]. Thus, future studies may consider
accounting for the dependency between condom use and multiple sexual partners when
assessing the effect of HIV positivity awareness on risky sexual behavior.

We found that among women, awareness of HIV positivity was associated with multi-
ple sexual partners. It has been reported elsewhere that due to high poverty levels in the
region, most women have two or more sexual partners after knowing their positive HIV
status [47–49]. While this may partly explain our findings, the MLSFH is a rural based
study, and individuals often self-report sexual behaviors in a culturally appropriatemanner
for approval (social desirability) [50, 51]. Thus, individuals may over-report desirable sex-
ual behaviors (having fewpartners) and under-report undesirable sexual behaviors (having
more partners). This biased self-reporting could have affected the responses on the number
of sexual partners. Further studies are needed to ascertain differentials in sexual behavior
reporting between men and women.

The study found that both the standard binary logistic regression and the MSM
showed an increase in condom use among individuals aware of their HIV positivity. Some
studies have also shown similar effects between the standard regression model and the
MSM [52–55]. This may indicate less influence of prior exposure and time-varying con-
founders on the association between HIV positivity awareness and condom use. In our
study, this could be attributed to education in years not being an important time-varying
confounder for the association. However, using the standard multivariable logistic model,
awareness of HIV positivity was associated with increasedmultiple sexual partners, a find-
ing only found among women when using the MSM approach. We believe the differences
in the finding could be due to the use of the inverse probability treatment weights and
correct adjustment for time-dependent confounders (age and education level) [23, 25, 56].

The study’s strength is that a statistical approach that controls for time-varying con-
founders was used. In addition, the study comprised rich data which had information
on individuals followed up for over a decade, providing a change in trends and behav-
iors among the rural community in Malawi. The study had several limitations, including
the high attrition rate within the data, which may have resulted in a loss of information.
Repeated HIV testing in the subsequent years may have resulted in more individuals being
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aware of their HIV status, which may have affected changes in sexual behaviors resulting
in individuals using condoms or reducing the number of sexual partners over the years.
However, using the inverse probability treatment weights, past HIV status awareness was
controlled to ensure the estimated effects were not confounded by past awareness. Also,
data on condom use and multiple partners was self-reported. As alluded to above, these
data could be subject to biases from over-and under-reporting [50, 57–60] and may also
affect the temporal relationship between the HIV status awareness and the outcomes due
to recalling information from the past years.

The MSM used was considered the most appropriate model fit for the data. However,
model misspecification was possible since we only controlled for purported confounders
available within the data. Some important predictors, such as knowing the partner’s HIV
status for condom use and alcohol use for multiple sexual partners, were not collected dur-
ing earlier years. Thus, controlling for purported confounders may have been insufficient.
The findings from the sensitivity analysis showed that the effect on multiple sexual part-
ners could be biased due to unmeasured confounders, unlike the effect on condom use.
Thus, the findings on the causal effect of awareness of HIV positivity on multiple sexual
partners need to be interpreted with caution. Regardless of these limitations, this study
has demonstrated the capabilities of marginal structural models to estimate treatment
effects in longitudinal studies as it is more suited for controlling measured confounders.
Apart from using the IPTWs to control for time-varying confounders and exposures when
using the MSM to estimate treatment effects, an alternative confounder balance approach
could be to use an instrumental variable(s) to control for both measured and unmeasured
confounders [61, 62].

5. Conclusion

The marginal structural model with inverse probability of treatment weight has the capa-
bility to correctly estimate treatment effects for longitudinal data with time-varying treat-
ments and confounders. Using HIV data from the Malawi Longitudinal Study of Families
and Health (MLSFH), we estimated the effect of awareness of HIV positivity on condom
use and number of sexual partners. The study found that awareness of HIV positivity was
associatedwith increased condomuse, which supports the need for sustained interventions
that promote HIV testing and awareness of HIV status.
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Appendices

Appendix 1. Distribution of loss-to-follow-up across the confounders

Table A1. Distribution of characteristics by loss-to-follow-up in the
MLSFH in 2006.

Loss-to-follow-up (LTFU)

Yes No p-value

HIV awareness
HIV positivity 72 (90.0) 1306 (94.8%)
HIV-negativity 8 (10.0%) 72 (5.2%) 0.068

Gender
Female 54 (67.5) 905 (65.7%)
Male 26 (32.5%) 474 (34.3%) 0.738

Age category
14-44 years 61 (76.3%) 964 (69.9%)
45 years above 19 (23.8%) 414 (30.0%) 0.231

Wealth
Poor 24 (30%) 503 (36.5%)
Medium/rich 56 (70.0%) 875 (63.5%) 0.239

Education
None 15 (18.8%) 321 (23.3%)
Primary 57 (71.3%) 912 (66.2%)
Secondary/Tertiary 8 (10.0%) 145 (10.5%) 0.610

Religion
Christian 47 (58.8%) 789 (57.3%)
Muslim or other 33 (41.3%) 589 (42.7%) 0.097

Region
North 44 (55.0%) 281 (20.4%)
Central 17 (21.3%) 531 (38.5%)
South 19 (23.8%) 566 (41.1%) < 0.001

Appendix 2. Odds ratio results for theMSMwith unstabilized weights

Table A2. Estimates of the effect of awareness of HIV positivity on risky
sexual behavior using unstabilized weights.

Awareness of HIV status Odds ratio 95% CI p-value

(a) Effect on condom use
HIV negativity 1.00
HIV positivity 2.87 (1.67, 4.95) < 0.001

(b) Effect on multiple sexual partners
HIV negativity 1.00
HIV positivity 0.94 (0.48, 1.84) 0.85

95% Confidence Interval
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Appendix 3. Results on the sensitivity analysis

Table A3. E-value to assess robustness to unmeasured confounding
for the causal effect of HIV positivity awareness on condom use and
multiple partners.

Outcome E-value for point estimate E-value for LL of CI

Condom use
HIV positivity 3.87 2.98

Two or more partners
HIV positivity 1.31 1.00

LL – Lower limit
CI – Confidence Interval
E-value parameters calculated as a function of the adjusted odds ratio (OR) for the
effect of HIV positivity awareness on the outcomes
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