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Diepenbeek, September 21, 2017



List of Publications

This dissertation is based on the first 4 (four) publications from the list below.

• Loquiha, O., Hens, N., Chavane, L., Temmerman, M., and Aerts, M. (2013).
Modeling heterogeneity for count data: A study of maternal mortality in health
facilities in Mozambique. Biometrical Journal. Biometrische Zeitschrift, 55(5):
647–60. http://doi.org/10.1002/bimj.201200233

• Loquiha, O., Hens, N., Martins-Fontyen, E., Meulemans, H., Wouters, E., Os-
man, N. , Temmerman, M. and Aerts, M. (n.a). Joint models for mixed categor-
ical outcomes: A study of HIV risk perception & disease status in Mozambique.
Journal of Applied Statistics, under revision.

• Loquiha, O., Hens, N., Chavane, L., Osman, N. , Temmerman, M., Faes, C.,
and Aerts, M. (n.a). Mapping maternal mortality rate via spatial zero-inflated
models for count data. A case study of institutional maternal deaths from
Mozambique. submitted to PLoS One.

• Loquiha, O., Hens, N., Chavane, L., Osman, N. , Temmerman, M., and Aerts,
M. (n.a). Joint analysis of event time with informative censoring. in preparation.

And other related publications

• Martins-Fonteyn, E.,Loquiha, O., Wouters, E., Raimundo, I., Hens, N., Aerts,
M., and Meulemans, H. (2015). HIV Susceptibility Among Migrant Miners
in Chokwe: A Case Study. International Journal of Health Services, doi:
10.1177/0020731415585988.



iv List of Publications

• Chavane, L., Dgedge, M., Degomme, O., Loquiha, O., Aerts, M. and Tem-
merman, M. (2016). The magnitude and factors related to facility-based
maternal mortality in Mozambique. Journal of Obstetrics and Gynaecology,
doi:10.1080/01443615.2016.1256968

• Chavane, L.A., Dgedge, M., Bailey,P., Loquiha, O., Aerts, M., and Temmer-
man, M (2015). Satisfaction gaps of women attending Family Planning Services
in Mozambique. Journal of Family Planning and Reproductive Health Care,
published online doi:10.1136/jfprhc-2015-101190.

• Martins-Fontyen, E., Wouters, E.,Loquiha, O., Hens, N., Aerts, Sema, C.,
Degomme, O., Thapa, S., Boothe, M., Raimundo, I. and Meulemans, M. (n.a).
Factors influencing risky sexual behaviour among Mozambican miners: a socio-
epidemiological contribution for HIV prevention framework in Mozambique. In-
ternational Journal for Equity in Health, under revision.

• Chavane, L.A., Bailey, P.,Loquiha, O., Dgedge, M., Aerts, M., and Temmer-
man, M. (n.a). Maternal death and delays in accessing emergency obstetric care
in Mozambique. BMC Pregnancy and Childbirth, under revision.



Contents

List of Tables ix

List of Figures xi

List of Abbreviations xiii

1 Introduction 1
1.1 Motivation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1

1.1.1 The DESAFIO program . . . . . . . . . . . . . . . . . . . . . . 2
1.1.2 The Biostatistics and Modeling project . . . . . . . . . . . . . 3

1.1.2.1 Maternal mortality in Mozambique . . . . . . . . . . 3
1.1.2.2 HIV/AIDS in Mozambique . . . . . . . . . . . . . . . 6

1.2 The two-part model framework . . . . . . . . . . . . . . . . . . . . . . 7
1.2.1 Two-part models for continuous and discrete outcomes . . . . . 7
1.2.2 Two-part models for categorical outcomes . . . . . . . . . . . . 9

1.3 Hierarchical data structures . . . . . . . . . . . . . . . . . . . . . . . . 10
1.4 Missing data . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 12
1.5 The structure of the thesis . . . . . . . . . . . . . . . . . . . . . . . . . 13

2 Data Sets 15
2.1 The Needs for Maternal and Neonatal Health survery . . . . . . . . . 15

2.1.1 Dataset on counts of maternal deaths . . . . . . . . . . . . . . 16
2.1.2 Dataset on cases of maternal deaths . . . . . . . . . . . . . . . 17

2.2 The National Survey of Prevalence, Risk Behavioural and Information
about HIV and AIDS (INSIDA) . . . . . . . . . . . . . . . . . . . . . 17

v



vi Table of Contents

3 Modelling heterogeneity for count data 19
3.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 19
3.2 Modeling heterogeneity for count data . . . . . . . . . . . . . . . . . . 21
3.3 Application to the NMNH survey . . . . . . . . . . . . . . . . . . . . . 27
3.4 Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 34

4 Mapping maternal mortality rate via spatial zero-inflated models for
count data 37
4.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 37
4.2 Zero-inflated models . . . . . . . . . . . . . . . . . . . . . . . . . . . . 41

4.2.1 Hierarchical zero-inflated models . . . . . . . . . . . . . . . . . 41
4.2.2 Spatial zero-inflated models . . . . . . . . . . . . . . . . . . . . 42

4.3 Model estimation and selection . . . . . . . . . . . . . . . . . . . . . . 44
4.4 Application to the NMNH survey . . . . . . . . . . . . . . . . . . . . . 47
4.5 Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 54

5 Joint analysis of time to treatment and time to death 57
5.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 57
5.2 Joint model for time to treatment and time to death . . . . . . . . . . 60
5.3 Application to the NMNH survey . . . . . . . . . . . . . . . . . . . . . 63
5.4 Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 68

6 Joint models for mixed categorical outcomes 71
6.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 71
6.2 The data . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 74
6.3 The marginal joint model for HIV risk perception & infection status . 77
6.4 The mixed effects joint model for HIV risk perception & infection status 80
6.5 Application to the INSIDA survey . . . . . . . . . . . . . . . . . . . . 83
6.6 Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 88

7 On applied statistics in reproductive health and HIV/AIDS 91
7.1 HIV Susceptibility Among Migrant Miners in Chokwe: A Case Study 91
7.2 Maternal death and delays in accessing emergency obstetric care in

Mozambique . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 92
7.3 Factors associated with risky sexual behaviour among Mozambican

miners: a socio-epidemiological contribution for HIV prevention frame-
work in Mozambique . . . . . . . . . . . . . . . . . . . . . . . . . . . . 93



Table of Contents vii

7.4 Satisfaction gaps of women attending Family Planning Services in
Mozambique . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 94

8 Conclusions 97
8.1 Further research . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 100

8.1.1 Assessing the impact of missing data mechanisms . . . . . . . . 100
8.1.2 Model selection criteria . . . . . . . . . . . . . . . . . . . . . . 100
8.1.3 Alternatives to full likelihood specification . . . . . . . . . . . . 101

Summary 153

Samenvatting 159





List of Tables

2.1 NMNH survey modules . . . . . . . . . . . . . . . . . . . . . . . . . . 16

3.1 Summary statistics of facility-based maternal deaths . . . . . . . . . . 28
3.2 Model fit comparison for the Poisson model and its extensions . . . . . 30
3.3 Parameter estimates and standard errors for ZIP, ZINB, HZIP and

HZINB . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 31
3.4 Observed and predicted number of maternal deaths from the Poisson

model and zero-inflated extensions. . . . . . . . . . . . . . . . . . . . 32

4.1 Model fit comparison for spatial zero inflated models . . . . . . . . . . 49
4.2 Posterior mean (95%PI) for the best 4 models with and without spatial

effects. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 56

5.1 Summary statistics for time to treatment(T ) and time to death(D), in
hours. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 63

5.2 Summary of related patient’s characteristics. . . . . . . . . . . . . . . 65
5.3 Model fit comparison for the mixture model and its extensions . . . . 67
5.4 Parameter estimates for HJZIG and HJZILNG models. . . . . . . . . . 70

6.1 Variable definition and summary statistics for the INSIDA survey . . . 75
6.2 Model fit comparison for CR and CR-PO models . . . . . . . . . . . . 84
6.3 Odds ratio estimates (95% confidence interval) of CR model 4. . . . . 85
6.4 Odds ratio estimates (95% confidence interval) of CR-PO model 6. . . 86

A1 Variable description for dataset on counts of maternal deaths . . . . . 122

ix



x List of Tables

A2 Variable description for dataset on cases of maternal deaths . . . . . . 123
D1 Parameter estimates for joint model with ZIG distribution. . . . . . . 151
D2 Parameter estimates for joint model with ZILNG distribution. . . . . . 152



List of Figures

1.1 Observed and expected frequency of maternal deaths from the NHMH
survey . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 4

1.2 Histogram of time to treatment . . . . . . . . . . . . . . . . . . . . . . 5
1.3 The NMNH survey sampling design . . . . . . . . . . . . . . . . . . . 11
1.4 The INSIDA survey sampling design . . . . . . . . . . . . . . . . . . . 12

4.1 Histogram of observed maternal deaths . . . . . . . . . . . . . . . . . . 39
4.2 Maternal mortality rate in Mozambique per 100,000 obstetric admis-

sions in health facilities . . . . . . . . . . . . . . . . . . . . . . . . . . 47
4.3 Maps and histograms of SpHZIP with non-spatial random effects and

intrinsic bivariate CAR prior for spatial effects (independent - indepen-
dent) . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 52

5.1 Illustration of censoring settings observed in the data . . . . . . . . . . 58
5.2 Histogram of time to treatment . . . . . . . . . . . . . . . . . . . . . . 64
5.3 Scatter and stacked histogram of time to treatment and time to death

by type of complication . . . . . . . . . . . . . . . . . . . . . . . . . . 66

6.1 Graphical presentation of the continuation ratio (CR) and cumulative-
proportional odds model (CR-PO) . . . . . . . . . . . . . . . . . . . . 78

C1 Maps and histograms (for non-spatial random effects) of SpHZIP with
non-spatial random effects and INTRINSIC bivariate CAR prior . . . 128

C2 Maps and histograms (for spatial random effects) of SpHZIP with non-
spatial random effects and INTRINSIC bivariate CAR prior . . . . . . 129

xi



xii List of Figures

C3 Maps and histograms of HZIP with correlated random effects . . . . . 130
C4 Maps and histograms (for random effects) of HZIP with correlated

random effects . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 131
C5 Maps and histograms of SpHZIP with correlated non-spatial random

effects and INTRINSIC CAR prior . . . . . . . . . . . . . . . . . . . . 132
C6 Maps and histograms (for non-spatial random effect) of SpHZIP with

correlated non-spatial random effects and INTRINSIC CAR prior . . . 133
C7 Maps and histograms of SpHZIP with correlated non-spatial random

effects and PROPER CAR prior . . . . . . . . . . . . . . . . . . . . . 134
C8 Maps and histograms (for non-spatial random effects) of SpHZIP with

correlated non-spatial random effects and PROPER CAR prior . . . . 135
C9 Maps and histograms of SpHZIP with correlated non-spatial random

effects and INTRINSIC bivariate CAR prior . . . . . . . . . . . . . . . 136
C10 Maps and histograms (for non-spatial random effects) of SpHZIP with

correlated non-spatial random effects and INTRINSIC bivariate CAR
prior . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 137

C11 Maps and histograms (spatial random effects) of SpHZIP with corre-
lated non-spatial random effects and INTRINSIC bivariate CAR prior 138

D1 Histogram and estimated means using model (5.5) when no covariates
are included. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 145

D2 Diagnostics plots for time Tij and Dij for fitted ZILN models (5.5) and
(5.7) . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 146

D3 Diagnostics plots for time Tij and Dij for fitted ZIG models (5.5) and
(5.7) . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 147

D4 Fitted model for Dij |tij > 0 for models (5.5) and (5.7) . . . . . . . . . 148





xiv List of Abbreviations

List of Abbreviations and
Acronyms

AIC Akaike Information Criterion
AIDS Acquired Immune-deficiency Syndrome
BIC Bayesian Information Criterion
CAR Conditional Autoregressive
CI Confidence Interval
CR Continuation-ratio
CR-PO Continuation-ratio/proportional odds
DIC Deviance Information Criteria
EmOC Emergency Obstetric Care
GEE Generalized Estimating Equations
HF Health facility
HIV Human Immunodeficiency Virus
HJZIG Hierachical Joint Zero-inflated Gamma
HJZILNG Hierachical Joint Zero-inflated Lognormal-Gamma
HP Hierarchical Poisson
HNB Hierarchical Negative Binomial
HZIP Hierarchical Zero-inflated Poisson
HZINB Hierarchical Zero-inflated Negative Binomial
INE Instituto Nacional de Estat́ıstica (Portuguese for National Bureau of Statistics)
INLA Integrated Nested Laplace Approximation
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Chapter 1
Introduction

The aim of this thesis is the development of flexible statistical models which take into
account necessary data complexities using available information and latent structures.
The models will be applied to data on reproductive health from Mozambique.

In the following sections we contextualize what motivated this thesis, starting
with a general consideration about reproductive health in Mozambique, and then
provide the need for developing scientific capacity within the country in the context
of statistical methodology for public health data.

1.1 Motivation

Mozambique, located in south eastern Africa, continues to face multiple challenges
regarding reproductive health, despite significant progress made since the end of the
civil war that tore the country apart between 1976 – 1992. Reproductive health
addresses the reproductive functions and systems at all stages of life, so that men and
women are able to have a responsible, satisfying and safer sex life and that they have
the capability to reproduce and to have access to appropriate health care services
that will enable women to go safely through pregnancy and childbirth (WHO, 2017)

Amongst others, lack of skilled human resources at all levels and of research
for critical issues in maternal and child health, have been pointed as the two main
challenges of any maternal and child mortality reduction plan in Mozambique (WHO,
2015b). The largest provider of health services in Mozambique is the Ministry of
Health (MISAU), which also coordinates most of the scientific research on public

1



2 Chapter 1. Introduction

health through the Instituto Nacional de Saúde (INS, the National Institute of
Health). A major role in public health research is also played by the Universidade
Eduardo Mondlane (UEM), the oldest and largest university in the country, currently
in a process of strengthening institutional capacity with the training of its researchers
in various fields of science. This has been carried out through different cooperation
programs of medium and longer duration with local and external partners.

What follows is the description of the DESAFIO (Portuguese for ”Challenge”)
program, a major cooperation program with Belgian universities centered around
reproductive health and Human Immunodeficiency Virus (HIV) and Acquired
Immune-deficiency Syndrome (AIDS) epidemic, and from which this thesis was made
possible.

1.1.1 The DESAFIO program

With the launch of the DESAFIO program in 2008, an Inter-university Cooperation
program (IUC) between the Belgian Flemish Inter-university Council – University
Development Cooperation (VLIR-UOS) and UEM, two main objectives were specified:
(1) to strengthen UEM as a developmental actor in Mozambican society in the area
of reproductive health and HIV/AIDS and (2) to improve reproductive health in the
society and contribute to the national fight against HIV/AIDS (van Baren and Mosca,
2012). To carry on with these objectives, 5 specific projects were created embedded in
4 faculties at the UEM, and 2 cross-cutting projects geared at capacity strengthening
and support:

• Project 1: Human Rights (at the Faculty of Law) – on the human rights
aspects of reproductive health;

• Project 2: Social Rights and Human Protection (at the Faculty of Law) – on
social right and social protection aspects of reproductive health;

• Project 3: Gender and Family Health (at Faculty of Arts and Social Sciences) –
on gender, family issues and traditional medicine aspect of reproductive health;

• Project 4: Reproductive Health (at Faculty of Medicine) – on specific problems
of high maternal mortality (safe motherhood) and cervical cancer;

• Project 5: HIV/AIDS/STI Prevention and Treatment (at Faculty of Arts and
Social Sciences) – on the HIV/AIDS epidemic and its related diseases such as
sexually transmitted infections (STI).
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• Project 6: Capacity Building (at the Scientific Directorate of UEM) – on sup-
port to the library and strengthening of training on research skills and academic
english of staff and;

• Project 7: Biostatistics and Modeling (at Faculty of Sciences) – on strength-
ening the statistical unit of the faculty towards conducting statistical method-
ological research.

1.1.2 The Biostatistics and Modeling project

The Biostatistics and Modeling project aims at strengthening the capacity in pro-
viding quality research with statistical methodology and supporting researchers from
other projects in designing and analysis of their studies. This thesis follows from
research activities undertaken within this project which were designed around the
common theme: maternal mortality and HIV/AIDS.

1.1.2.1 Maternal mortality in Mozambique

According to the World Health Organization (WHO), maternal mortality is defined
as the death of women during pregnancy, childbirth, or in the 42 days after delivery,
from any cause related to or aggravated by the pregnancy or its management, but
not accidental or incidental causes (WHO, 1992). It is a major health problem
in Mozambique, where recent statistics have shown a maternal mortality rate of
about 489 deaths per 100,000 live births in 2015, even though the rates tend to
decrease since 1990. Several studies have been conducted on maternal mortality in
Mozambique reporting on the causes and risk factor for maternal mortality (Granja
et al., 2001, Jamisse et al., 2004, Menéndez et al., 2008, Romagosa et al., 2007).
They have shown that obstetric complications and diseases such as HIV or malaria
were the most relevant causes of maternal deaths in Mozambique, with most deaths
occurring within hospitals. They also revealed that characteristics such as age,
unavailability of health facilities and lack of material or trained health personnel
were associated with an increased risk for maternal deaths.

Often, the analysis of data on maternal mortality involves the use of counts of
maternal deaths as outcome variable, for which a Poisson distribution is often
assumed to hold (Ahmed and Hilll, 2010). The Poisson distribution models the
number of events from an exponential distribution for the time between consecutive
deaths, with constant event rate and variance constrained to be equal to the mean.
A phenomenon appearing quite often in count data collected in health services
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studies is the excessive number of zero counts, more than expected relatively to
a Poisson distribution even after correcting for covariates (Agresti, 2002, Hall,
2000, Famoye and Singh, 2006, Tin, 2008). Consider for instance Figure 1.1 which
shows the observed and expected frequencies of counts of maternal deaths from
the Needs for Maternal and Neonatal Health (NMNH) survey (see Section 2.1).
The Poisson model clearly fails in predicting the high number of observed zero deaths.

This result highlights the need for flexible statistical model that accommo-
dates both the fact that the data presents more zero counts than expected relatively
to a Poisson distribution and the overdispersion (variance greater than the mean)
induced by it or by group or individual heterogeneity, in order to have unbiased
estimates and valid inferences.

Figure 1.1: Observed and predicted frequency based on a Poisson regression model of
maternal deaths from the NHMH survey.

On the other hand, time to event data are also frequent in the analysis of access to
maternal care. This could be time to a specific treatment, disease, or time to death.
Delays to access quality care, due to either long distances to travel to hospital or a
poor referral system, remains as an important determinant of preventable maternal
death (Chavane et al., 2016, MISAU, 2008).

This has been summarized by the Three Delays Model describing the various
factors that drive maternal mortality, which has proven to be an effective tool
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to evaluate the factors related to access to and the appropriateness of emergency
obstetric care (Chavane et al., 2016, Thaddeus and Maine, 1994). For this model,
the first delay refers to the delay in deciding to seek care (at household level), the
second delay in reaching the facility that provides emergency obstetric care, and
the third, the delay in receiving care after arriving at the health facility (Thaddeus
and Maine, 1994). The third of these delays accounts for most of the inefficiency
of the maternal care system in Mozambique. A study by David et al. (2014) in
health facilities in Maputo City and Province show that the second type of delay was
present in 21.3% and the third in 69.7%, with major consequences throughout the
care or referral system (from admission to a first facility and on to the referral facility).

When studying the time to receive care it is not rare to encounter right skewed
nonnegative data that also show excess zero values. It can happen that complicated
cases are rushed to emergence blocks and there they receive treatment (or die)
within minutes of admission. For instance, Figure 1.2 shows the histogram of
time to treatment for a set of pregnant women admitted to health facilities with a
complication. Clearly, the figure shows a right skewed nonnegative distribution with

Time to treatment (hours)
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Figure 1.2: Histogram of time to treatment since admission to health facility, from the
NMNH survey.

a point mass at zero, also known as semi-continuous data (Chai and Bailey, 2008,
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Hallstrom, 2010, Mills, 2013, Min and Agresti, 2002).

Similarly to the count data case, classical models based on positive distribu-
tions such as exponential, gamma or log-normal need to be extended to account for
the semi-continuous data.

1.1.2.2 HIV/AIDS in Mozambique

Mozambique is one of the countries most affected by HIV with an estimated HIV
prevalence of 11% in 2015. The disease was first diagnosed in the country in 1986
and since then it has experienced a rapid increase in prevalence, with an estimation
of over 1.5 million people living with AIDS in 2015 (UNAIDS, 2015). This prevalence
varies across regions, place of residence (rural vs. urban), sex, and age (INS and
INE, 2010), and the transmission risk increases substantially with high prevalence of
sexually transmitted infections (STIs) and risky sexual behaviors such as unprotected
sex or multiple and concurrent sexual partners (Audet et al., 2010, Halperin and
Epstein, 2004, Kerber et al., 2007).

As a response, the Mozambican Ministry of Health (MISAU) introduced a set
of programs focusing on reduction of vertical transmission and improved access to
treatment through the antiretroviral therapy (ART) program (Audet et al., 2010).
On the other hand, a national strategy to fight HIV/AIDS was drawn based on
individual behavioral change (reduction of multiple sexual partners, increase of
consistent use of condom and treatment of STIs) and cognitive factors such as
knowledge, attitudes, beliefs and skills (Martins-Fonteyn et al., 2015). This assumes
that perceiving oneself at risk of contracting HIV is the first step to change his/her
sexual behavior.

However, and despite the high HIV prevalence, individual risk perceptions among
Mozambicans substantially underestimate the personal risk (Audet et al., 2010,
Prata et al., 2006). This highlights the complexity of the association between risk
sexual behavior and risk perception, in which little research in this topic have been
conducted in Mozambique. If on one hand individuals may perceive their risk of
acquiring HIV/AIDS to be high or low depending on their previous sexual behaviour
or that of their partners, then on the other hand, a person’s perception of risk may
be passive and not necessarily based on his or her previous sexual behavior (Akwara
et al., 2003, Collinson et al., 2006, Martins-Fonteyn et al., 2015, Tsui et al., 2012).
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While usually risk sexual behavior is an ordinal variable (no, low, high) de-
rived from information on whether the respondents had recently engaged in risky
sexual behaviour which included reporting multiple sexual partners, little or no
condom use during previous sexual encounters with permanent or/and casual sexual
partners, and ever having had an STI (Akwara et al., 2003); risk perception is a
multinomial variable set up on a 5-point scale in which respondents were asked to
grade their own risk of contracting HIV. The levels usually include: do not know, no
risk, low risk, moderate risk and high risk (Ward et al., 2004).

The multivariate analysis of risk perception and risk sexual behavior should
therefore account for the semi-ordinal nature of perception of risk due to categories
such as “ do not know” or “ unsure”, and alternatives to existing models such as
the Dale model (Dale, 1986) or the multivariate Plackett distribution need to be
developed.

1.2 The two-part model framework

This section introduces some models that account for point-mass mixture in con-
tinuous and discrete outcomes, and for semi-ordinal categorical data. A review of
different methods to deal with such data is presented in Min and Agresti (2002), for
continuous and discrete outcomes, and Mcmillan and Hanson (2005) model serves as
a good example for semi-ordinal data.

We will focus on a very flexible modeling strategy consisting of two parts: the
first part models the probability that the outcome is zero (or non-zero) and the
second models the value of the outcome given that it is greater than zero (Böhning
et al., 1997, Min and Agresti, 2002, Mills, 2013). The two parts are estimated
simultaneously using appropriate canonical link functions under the Generalized
Linear Models framework (McCullagh and Nelder, 1989).

1.2.1 Two-part models for continuous and discrete outcomes

A common problem when analyzing semi-continuous outcomes or data with excess
zeros is the lack of fit for distributions such as the normal, gamma or Poisson, due
to the impossibility of zero values or to the disproportionately large frequencies of
zeros.
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In this case, one can assume that the general form of the distribution of the
outcome variable Y is as follows:

Y ∼

{
0, with probability P(Y = 0);
f(y), with probability 1− P(Y = 0)

, (1.1)

and the first model is generally specified as:

g1[P(Y = 0)] = η1,

and the second:
g2[E(Y )] = η2,

for g1 and g2 two appropriate link functions for P(Y = 0) and E(Y ), and with η1

and η2 linear predictors with covariate effects, respectively.

Two of the most used two-part models are the zero-inflated and Hurdle mod-
els. An inflated model assumes that Y is distributed according to a two component
mixture with a degenerated distribution with point mass at 0 (Böhning, 1998), where
the probability P (Y = y) is

P (Y = y) =
{

P(Y = 0) + {1− P(Y = 0)}f(0), if y = 0
{1− P(Y = 0)}f(y), if y > 0

, (1.2)

with f(y) the density of a nonnegative discrete or continuous distribution.

The Hurdle model (Mullahy, 1986) specifies a binary model for whether the
outcome variable is zero as one part of the model, and conditioning on a value greater
than zero, the second part uses a truncated distribution for the outcome:

P (Y = y) =
{

P(Y = 0), if y = 0
{1− P(Y = 0)}f0(y), if y > 0

, (1.3)

with f0(y) the density of a truncated nonnegative discrete or continuous distribution.

Unlike a zero-inflated model, in which a binary latent variable determines the
outcome to be a structural (true) zero or a sampling zero, a Hurdle model assumes
that all zero data are from one “structural” source and the non-zero data have
“sampling” origin following either a truncated Poisson or truncated negative binomial
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distribution (Mullahy, 1986, Baughman, 2007). So, the decision on which of the two
modeling strategies one should use need to be based not only on the study objectives
but mainly on the underlying processes generating the zero counts. The analysis in
this thesis assume that both structural and sampling zeros are observed and thus
zero-inflated models are used to analyze the data.

For count data, the zero-inflated Poisson (ZIP) model have been extensively
explored (Ridout et al., 1998), but since overdispersion is common with count
data even after introducing the two component mixture Poisson distribution, the
ZIP model is often not flexible enough. Whenever overdispersion is present, a
zero-inflated negative binomial (ZINB) model is often more appropriate than a
ZIP model (Famoye and Singh, 2006, Min and Agresti, 2002, Ridout et al., 1998).
Another extension accounting for correlated data due to multi-level or hierarchical de-
signs was introduced by Hall (2000) in the form of the ZIP models with random effects.

Similarly, zero-inflated models for semi-continuous data have been well studied
(Mills, 2013, Tooze et al., 2002), with the zero-inflated gamma (ZIG) model usually
used as the first choice (Mills, 2013). A ZIG model assumes a gamma distribution for
the non-zero component of the model. Note that, since for the gamma distribution
f(0) = 0, the ZIG model is given as in (1.3).

In this thesis, all zero-inflated models use a logit link g1 for the probability of
zero (or non-zero) outcome and a log link function g2 for the expectation of non-zero
outcomes. More details will be given in chapter 3 and 5.

1.2.2 Two-part models for categorical outcomes

Alternatively, for categorical data analysis with semi-ordinal outcomes such as risk
perception – usually measured on a scale that contains a “do not know” or “unsure”
risk category, next to no, low, moderate and high risk – the zero-inflated models
strategy do not apply. However, the two part model strategy could still be applied
in a joint analysis framework, as shown in Mcmillan and Hanson (2005) which fits
a bivariate Dale model when the second variable is meaningless if the first variable
equals a special value (e.g. one cannot specify the number of drinks per drinking
occasion if one never has any drinking occasions). The two-part model of Mcmillan
and Hanson (2005) is as follows: one with a dichotomous outcome (e.g.: drinking
yes/no ) and a second part, conditional on the dichotomous outcome to be positive,
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where both outcomes are ordinal (frequency and quantity of drinking).

This rationale could be used in a multivariate analysis with risk perception of
HIV infection, which if known, it is of an ordinal nature. However, since the second
variable may be meaningful regardless of whether one knows his/her risk of HIV
infection, special logit functions such as the continuation ratio logit are applied in
order to implement the two-part modeling strategy. The continuation-ratio logit
model is best suited when each category of the response variable is of intrinsic
interest and seen as levels of achievement that can only be entered if the previous
was achieved (Ananth and Kleinbaum, 1997, Colombi and Forcina, 2001).

The difference with the two-part model approach of Mcmillan and Hanson
(2005) is that probabilities such as “do not know” vs “known” risk, and conditional
probabilities “no risk” vs “some risk” (if “known” risk), and “low risk” vs “high risk”
(if “some risk”), can be modeled by a continuation-ratio logit without any need of a
first part analysis to deal with the special “do not know” category. In a similar way
a cumulative logit approach for the ordinal categories no, low, high risk following the
first contrast “do not know” vs “known” risk is a very natural alternative modeling
strategy, reflecting the discretization of a latent continuous risk perception variable.
These parametrizations will be discussed in more details in Chapter 6.

1.3 Hierarchical data structures

Usually, data from population surveys presents hierarchical structures as a result
of complex sampling designs implemented in such surveys. Consider for instance,
the NMNH survey and the National Survey of Prevalence, Risk Behavioural and
Information about HIV and AIDS (INSIDA), two datasets used in this thesis.

The NMNH survey used a multi-stage sampling in which a stratified sampling,
based on the 11 provinces of Mozambique, was applied at stage 1. At stage 2, a
systematic sampling of health centers within 124 districts (out of 128 districts) was
carried out (see Figure 1.3). The sample consisted of all health facilities of class
1 (hospitals, health centers I) and a random selection of health facilities of class
2 (health centers II/III and health posts), with a total sample size of 427 health
facilities (MISAU, 2009).

Similarly, the INSIDA is a multi-stage cross-sectional survey with stratifica-
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Figure 1.3: The NMNH survey sampling design

tion of the 11 provinces of Mozambique at stage 1, and 270 Enumerations Areas
(EAs) selected in all stratum from a total of 45000 EAs calculated based on the
Population Census of 2007. Within each EA, households were systematically selected
within which all male and female individuals aged 15-64 years were eligible for
interviews and blood test for HIV, after consent (see Figure 1.4).

Such complex sampling designs are more efficient in controlling the sampling error
when compared to simple random sampling, but they usually introduce dependency
between the lower sampling units (Cochran, 1977). The analysis of correlated
outcomes arising from clustered or longitudinal sampling designs is commonly done
using multivariate or mixed-effects models (Fahmeir and Tutz, 2001, Molenberghs
and Verbeke, 2005, Molenberghs et al., 2007). This model-based approach is in
accordance with nearly everything else one does in model estimation and prediction:
a model is assumed to the data, its parameters estimated and model’s goodness-of-fit
checked (Cassel et al., 1977, Gregoire, 1998).

Early work on correlated data in the context of two-part modeling framework
for continuous and discrete outcomes was focused on extending the existing models
with the addition of random effects (Hall, 2000, Olsen and Schafer, 2011), usually
assumed to follow the normal distribution. We used the same strategy and in this
thesis emphasis lies on specifying random effects on all model components and
compare different covariance matrix structures that can help explaining both the
within and between-component correlation.
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Figure 1.4: The INSIDA survey sampling design

1.4 Missing data

Another feature of the data used in this thesis is the presence of incompleteness.
Key measurement in several sampling units may be missing for various reasons
that are usually outside the control of the researchers. Despite several solutions
for this problem such as data augmentation and data imputation, it is nonetheless
important to accommodate missingness in the modeling process or assess its impact
on statistical inference (Norris et al., 1999, Molenberghs and Verbeke, 2005).

In the context of missing data, there are three (3) key concepts: missing com-
pletely at random (MCAR) if missingness is independent of unobserved and observed
data; missing at random (MAR) if missingness is independent of unobserved data,
conditionally on the observed data; and missing not at random (MNAR) if neither
MCAR or MAR applies (Rubin and Little, 2002, Molenberghs and Kenward, 2007).

Throughout this thesis, our analysis assumed that the parameters describing
the observed data are functionally independent of those describing the missing
process. Hence, for likelihood or Bayesian based inference, MCAR and MAR
mechanisms are ignorable, i.e., parameters inference can be made without explicitly
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addressing the missing mechanism (Molenberghs and Verbeke, 2005).

1.5 The structure of the thesis

Chapter 2 presents a detailed description of the datasets used in this thesis. In
Chapter 3 the ZIP and ZINB are introduced in detail and an extension is proposed,
following from the model presented in Hall(2000), but with Gaussian random effects
in both model components. A discussion on the structure of the covariance matrix
of the bivariate normal distribution for the random effects is presented and the
the use the Akaike Information Criteria (AIC, Akaike, 1973) as model selection
criteria. In Chapter 4, the ZIP and ZINB models are extended to account for spa-
tial heterogeneity in the distribution of maternal deaths, using a Bayesian framework.

The focus of Chapter 5 is the use of mixture models for joint analysis of
time to treatment and time to death. Specifically, we define a ZIG model for the
distribution of time to treatment assuming different probabilities for each mixing
process. Our model formulation ensures that time to treatment is not greater than
the terminal event time, death, and is applied to the NMNH data to investigate
whether the risk factors related to treatment delays and maternal deaths within
health institutions.

Two types of bivariate models for categorical response variables are introduced
in Chapter 6, to deal with semi-ordinal categorical outcomes, while taking addi-
tional hierarchical data structures into account. The latter is achieved by the use
of different covariance structures for a trivariate random effect. The models are
applied to data from INSIDA, where interest goes to the effect of covariates on the
association between HIV risk perception (quadrinomial with a “do not known risk”
category) and HIV infection status (binary). The models combine continuation-ratio
with cumulative logits for the risk perception, together with partly correlated and
partly shared trivariate random effects for the household level.

Chapter 7 presents a summary of statistical applications related to maternal
mortality and social sciences themes in the DESAFIO program context. It consists
of 4 collaborative research projects conducted with colleagues from projects 4 and
5, focusing on their main findings.

General conclusions and recommendations for future research regarding the
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work presented in this thesis will be presented in Chapter 8. Software codes and
other calculations will be provided in the Appendices.



Chapter 2
Data Sets

This chapter introduces the data sets that will be used in subsequent chapters of this
thesis. The Needs for Maternal and Neonatal Health survey is introduced in Section
2.1. Of the 17 modules that comprises this survey we created two datasets: i) dataset
on counts of maternal deaths and ii) dataset on cases of maternal deaths. Finally
data from the cross-sectional National Survey of Prevalence, Risk Behavioural and
Information about HIV and AIDS is presented in Section 2.2.

2.1 The Needs for Maternal and Neonatal Health survery

The Needs in Maternal and Neonatal Health in Mozambique (NMNH) was a cross-
sectional survey, carried between 1/11/2006 and 31/10/2007. The main objective of
the NMNH survey was to provide the Mozambican Health authorities with an assess-
ment on the progress in reducing maternal and neonatal mortality within the health
facilities, and on the level of organization as well as the availability of infrastructures,
equipments and drugs within the health sector regarding the management of maternal
obstetric and newborn complications (MISAU, 2009). It was comprised of 17 modules
(see Table 2.1) with a national coverage in which a stratified sampling, based on 11
provinces of Mozambique and health center of class 1, was applied. Health facilities
defined as class 1 included all hospitals, health centers located in the district capital
and health centers type I. For class 2 health facilities include health centers type II,
III and health post.

15
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Table 2.1: Modules included in the NMNH survey.

Module Topic
1-4 Basic health facilities infrastructure and other features;

5 Human resources authorized to provide and provide specific services;
6 Performance of life-saving procedures (vital functions or procedures)

and other “key services”;
7 Service statistics for the calculation of United Nations process indicators

and unmet needs for obstetric care;
8 Availability and management of equipment, materials, essential drugs,

reagents,contraceptives and consumables;
9 Waiting houses for women awaiting birth;

10 Outpatient maternal care (prenatal consultations, postpartum consultations,
family planning, STI, prevention and treatment of cervical carcinoma);

11 Users’ satisfaction with prenatal care, childbirth, newborn care,
postpartum consultations, post-abortion care and family planning;

12 Quality of management of specific clinical cases;
13 Review / study of cases of intrauterine maternal death;
14 Review / study of neonatal deaths;
15 Fistulas of obstetric cause;
16 Management of goods and products at the level of the District Health,

Women and Social Services, provincial health directorate and intermediate
and provincial department stores;

17 Major obstetric interventions for absolute maternal indication.

2.1.1 Dataset on counts of maternal deaths

The sample consisted of all health facilities of class 1 and a random selection of
health facilities of class 2, using a systematic sampling in each provincial strata, with
a total of 427 health facilities selected. The dataset was built combining information
available in modules 1 – 8.

We created the outcome variable by summing all maternal deaths due to ob-
stetric and nonobstetric complications. Obstetric complications included deaths
due to uterine rupture, antepartum and postpartum hemorrhage, puerperal sepsis,
abortion and other direct obstetric complications, while non-obstetric complications
was defined for deaths due to malaria, HIV/AIDS and other complications. Also,
the total number of obstetric admissions to a health center was considered as an
exposure or offset variable.

The description of other variables available in the dataset is presented in Ta-
ble A1 in the Appendix A. These data are used in Chapters 3 and 4 where they will
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be applied to models for count data.

2.1.2 Dataset on cases of maternal deaths

For this dataset we used information in module 13 that was gathered by consulting
record books in the maternity ward with the clinical file number being used for
selection of cases. This information was supplemented with the death report, and
when possible by the Committee for the Study of Maternal and Neonatal Deaths,
resulting in 712 cases being selected for which it was possible to locate the clinical file.

Time in hours from admission to health facility to treatment and to death
was available, as well as other relevant information on patient and health facility
level. These are shown in Table A2 (see Appendix A). These data are considered in
Chapters 5 in the context of joint modeling of time to treatment and time to death.

2.2 The National Survey of Prevalence, Risk Behavioural and
Information about HIV and AIDS (INSIDA)

The INSIDA survey was a cross-sectional two-stage survey on households, carried
out by the National Institute of Health in collaboration with the National Bureau of
Statistics of Mozambique in 2009. It was the first survey designed to collect compre-
hensive data on the prevalence of HIV infection, knowledge, attitude, behaviour risk
factors and access to information on HIV and AIDS in the Mozambican population
(INS and INE, 2010).

It used a multi-stage sampling with stratification of the 11 provinces of Mozambique
in rural and urban areas at stage 1, and 270 Enumerations Areas (EAs) selected
from all stratum with probability proportional to the size of the EA in terms of the
number of households, from a total of 45000 EAs calculated based on the Population
Census of 2007. Of the 270 EAs, 148 and 122 were in rural and urban areas,
respectively. Within each EA, a fixed number of households were systematically
selected, at stage 2, and eligible household members were then interviewed. At
this stage, 22 households were selected in all urban areas, while 24 households were
selected in rural areas. It expected to select 6232 households, 10800 men and women
aged 15 – 64 years, 1770 teenagers aged 12 to 14 and 4300 children from 0 to 11 years
old. It was also expected that 13600 individuals would be tested for HIV. The actual
number of participating households was 6097 with a total of 14964 individuals.
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This dataset was used in Chapter 6 for which we consider the subset of indi-
viduals (men and women) aged 15-64 years that were sexual active in the last 12
months prior to the survey (according to the variable on sexual activity found in the
database). Not all households had eligible individuals as to this definition, resulting
in a total of 10548 individuals from 5573 households being selected.



Chapter 3
Modelling heterogeneity for
count data

Count data are very common in healthcare services research, and very commonly the
basic Poisson regression model has to be extended in several ways to accommodate
several sources of heterogeneity: i) an excess number of zeros relative to a Poisson dis-
tribution, ii) hierarchical structures and correlated data, iii) remaining “unexplained”
sources of overdispersion. In this chapter, we introduce hierarchical zero-inflated
and overdispersed models with independent, correlated and shared random effects for
both components of the mixture model. We show that all different extensions of the
Poisson model can be based on the concept of mixture models, and that they can be
combined to account for all different sources of heterogeneity. Expressions for the first
two moments are derived and discussed. The models are applied to data on mater-
nal deaths and related risk factors within health facilities in Mozambique. The final
model shows that the maternal mortality rate mainly depends on the geographical
location of the health facility, the percentage of women admitted with HIV and the
percentage of referrals from the health facility.

3.1 Introduction

In this chapter we investigate factors related to the maternal mortality within
health facilities (HF) in Mozambique. Lack of infra-structures and human resources
(Cutts et al. 1996) are known to be the main determinants of maternal mortality in
Mozambique, which in many situations requires referrals of patients to better HFs.

19
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As most of the maternal deaths occur within HFs, the referrals from one facility
to another may imply that no deaths are reported during a period of time; hence
triggering a phenomenon which appears quite often in count data collected in health
services: the excessive number of zero counts, more than expected relatively to a
Poisson distribution. Consider for instance the first three columns of Table 3.4. The
second column shows the observed frequencies of counts of maternal deaths from the
NMNH survey (see Section 2.1.1). The third column lists the corresponding predicted
counts based on a Poisson regression model (details in Section 3.3). Although this
model incorporates many effects (of location, percentage malaria cases, etc), it clearly
fails in predicting the high number of observed zero deaths.

Various models have been developed to analyze count data with excess of zero
counts in different settings. Zero-inflated Poisson (ZIP) or Zero-inflated Negative
Binomial (ZINB) and the closely related Hurdle model have been proposed to model
data with extra zeros. Zero-inflated models assume that for each observation there
are two possible data generating processes with different probabilities: one generates
a zero (not-at-risk subpopulation) and the other a Poisson or Negative binomial
count (at-risk subpopulation). So, there are structural zeros (subjects not at risk)
and sampling zeros (from subjects at risk). Ridout et al. (1998) presented a detailed
survey on models for excessive zero counts and Böhning et al. (1997) discussed
zero-inflated count models with applications in public health and social sciences
while Böhning (1998) offered a variety of examples from different disciplines.

Unlike a zero-inflated model, a Hurdle model assumes that all study subjects
are at-risk (of reporting maternal death, in our case) and once a “hurdle” is surpassed
a truncated discrete distribution is used to explain the non-zero counts, hence
only sampling zeros are to be expected in this process (see e.g. Baughman 2007).
Thus, the decision on the two alternative modeling frameworks, zero-inflation or
hurdle-surpassing, needs to be based on the study objectives and on the underlying
processes generating the zero counts. In the NMNH survey, some health facilities
have no maternity ward or an operation block. It is known that in such HFs all
complications are directly transferred to better-equipped HFs and it is known that
such HFs structurally report zero maternal deaths. They are also located more often
outside the district capital. Because the structural zeros exist and interest is in mod-
eling the probability on them, zero-inflated models were preferred over Hurdle models.

As it will be discussed in Section 3.2, zero-inflated mixture models induce the
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variance of the count to become larger than its mean, whereas they are equal in
a Poisson model. This phenomenon is known, in general terms, as overdispersion.
Other sources of overdispersion appear when the counts are correlated or when there
are hierarchical structures present in the data (geographic, administrative, household,
etc) which even could occur simultaneously with zero-inflation (Xiang et al., 2006 and
Lee et al., 2006). Models for correlated overdispersed count data have been studied
well in the last decade (Dobbie and Welsh, 2001, Yau and Lee, 2001, Molenberghs et
al., 2007). On the one hand marginal models accommodate correlated overdispersed
count data by either ignoring the data dependency during estimation and correcting
afterwards through robust sandwich estimates or by means of generalized estimating
equations using so-called working correlation matrices into the model fitting algo-
rithm (Rose et al., 2006, Hall and Zhang, 2004, Li et al., 1999, Lee et al., 2006). On
the other hand, it is intuitively also appealing to extend the zero-inflated models with
cluster/subject-specific random effects to account simultaneously for excess zeros
and intra-cluster-correlation among measurements. Hall (2000) described a ZIP and
Zero-inflated Binomial model with random effects (only on the Poisson part of the
model) while Lee et al. (2006) extended the ZIP model by incorporating distinct but
independent random effects for the Poisson and binary mixture indicator of the model.

Our aim is to study which characteristics of the HFs play a role on the ma-
ternal mortality as observed in HFs in Mozambique, based on data from the NMNH
survey. In Section 3.2 we systematically cover the different sources of heterogeneity
for count data, and present appropriate statistical models to deal with each source
separately as well as any combination. We extend existing models with random
effects models for zero-inflation with correlated and shared random effects. Section
3.3 presents the results of an extensive analysis of the data on counts of maternal
mortality from the NMNH survey. Finally, a discussion and concluding remarks is
presented in Section 3.4.

3.2 Modeling heterogeneity for count data

Let Yij be the number of maternal deaths from the jth HF in the ith district (i =
1, ..., n; j = 1, ..., ni), and let xij denote a corresponding explanatory variable or risk
factor (possibly vector valued). Starting model is a Poisson regression model, for
which Yij |xij is assumed to follow a Poisson distribution with mean and variance
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E(Yij |xij) = Var(Yij |xij) = µij with

log(µij) = β0 + β1xij . (3.1)

Overdispersion (E(Yij |xij) < Var(Yij |xij)) can have many causes and different
modeling concepts can accommodate different types of additional heterogeneity. But
they share the common idea of mixing the Poisson distribution with one or more
additional random variables, albeit in quite different ways. Different approaches can
be combined into one model in order to assign different sources of heterogeneity
to different causes. We first consider each mixture approach separately, and next
combinations of them.

A first option is to consider a continuous mixture of Poisson distributions (discarding
any subscripts)

f(y) =
∫ ∞

0

µy

y! e
−µf(µ)dµ, (3.2)

with different means µ varying according to a continuous mixture or heterogeneity
distribution f(µ), typically the gamma distribution. This leads to the (hierarchical)
gamma-Poisson mixture distribution, also known as the negative binomial distribu-
tion, and it satisfies the overdispersion identity, with µij = E(Yij |xij),

Var(Yij |xij) = µij(1 + µijφ), (3.3)

with φ the dispersion parameter (see e.g. Hinde and Demétrio, 1998, Agresti 2002). In
this approach overdispersion is not related to any observed specific cause or structure;
it is rather left unexplained, and consequently the dispersion parameter φ is typically
considered as a nuisance parameter. For a given φ, the negative binomial is in the
natural exponential family, and for φ tending to 0, the negative binomial distribution
converges to the Poisson distribution. The mean parameter µij is modelled as in (3.1).

For hierarchical/clustered data, additional randomness or heterogeneity can
also be introduced after the covariates have been added to the Poisson model, with
a random intercept bi (or possibly with additional random slopes)

log(E(Yij |xij , bi)) = (β0 + bi) + β1xij . (3.4)

Such random effects models can be used in two ways: as a cluster-specific or as a
marginal model (after integrating over the random effect). Most often the random
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effects are assumed to be normally distributed and the variance component(s) associ-
ated with the random effect(s) measures (indirectly) the overdispersion or intracluster
correlation (see e.g. Agresti, 2002, Molenberghs and Verbeke, 2005). In case of a sin-
gle random effect bi ∼ N0,σ2

b
as in equation (3.4) the marginal mean and variance

expressions of the hierarchical Poisson (HP) model can be written as

µij = E(Yij |xij) = exp{σ
2
b

2 } exp{β0 + β1xij}, (3.5)

Var(Yij |xij) = µij(1 + µij(eσ
2
b − 1)). (3.6)

Note that the variance expression (3.6) is identical to that of the negative binomial
model (3.3) with φ = eσ

2
b − 1. But σ2

b also appears in the expression for the mean
(3.5), and it affects the mean structure in a multiplicative way. The larger the
variance component σ2

b , the larger the overdispersion and the larger the multiplicative
factor in the mean function. When σ2

b tends to zero, the model reduces again to the
classical Poisson model.

A very specific cause for overdispersed count data is the presence of an excess
number of zero counts relative to a Poisson distribution. This can be modelled
by a mixture (3.2) where now the heterogeneity distribution f(µ) is a two mass
distribution given mass π to zero and mass (1 − π) to count ν (see e.g. Böhning,
1998, Ridout et al., 1998). More precisely,

Yij ∼

{
0 with probability πij
Poisson(νij) with probability 1− πij

. (3.7)

The mean E(Yij |xij) now depends on both parameters πij and νij

µij = E(Yij |xij) = (1− πij)νij , (3.8)

and the variance equals

Var(yij |xij) = (1− πij)νij{1 + πijνij} = µij

{
1 + µij

(
πij

1− πij

)}
. (3.9)

The expression for the variance has again the same structure, with also a multiplicative
effect on the mean structure. When the mixture (or zero-inflation) probability πij

tends to 0, this distribution reduces also to the Poisson distribution. For this zero-
inflated Poisson (ZIP) model, the mean parameter νij can be modelled as a function
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of covariates as in equation (3.4), as well as the mixture probability πij as

logit(πij) = α0 + α1zij . (3.10)

Here the covariates z can be vector-valued, and possibly different from x; the logit
link function could be replaced by alternative link functions (probit, cloglog, etc).
Note that the mean count µij as in (3.8) now depends on covariates xij , zij through
both factors with model (3.1) for νij and (3.10) for πij . For simplicity, we keep the
conditional notation however limited to E(Yij |xij) (without including the covariates
zij when actually needed; the xij need to be interpreted in a generic way, including
all covariates).

In case of hierarchical data with an excess count of zeros and with a remain-
ing concern of “unexplained” heterogeneity, two or three of these mixture based
modeling strategies can be combined. For instance, a zero-inflated negative binomial
(ZINB) model has probability function

f(yij) =

 πij + (1− πij)( κ
ν+κ )κ, for yij = 0

(1− πij)
{

Γ(yij+κ)
Γ(κ)Γ(yij+1) ( κ

ν+κ )κ(1− κ
ν+κ )yij

}
, for yij = 1, 2, 3, ...

,

(3.11)
where κ = φ−1. In this case Yij has mean

µij = E(Yij |xij) = (1− πij)νij , (3.12)

and variance

Var(Yij |xij) = (1− πij)νij{1 + νij(πij + φ)} = µij

{
1 + µij

(
πij + φ

1− πij

)}
. (3.13)

Note that the ZINB model contains two parameters related to overdispersion: πij

and φ and Var(Yij |xij) ≥ µij for 0 ≤ πij < 1 and φ ≥ 0, with equality only if
φ = 0 and π = 0 (the Poisson case). Expression (3.13) is also a remarkably simple
combination of formulas (3.3) and (3.9).

As discussed in Molenberghs et al. (2007, 2010), random effects (3.4) can be
applied to models for overdispersed count data, and e.g. a random intercept can be
introduced in the model for the mean µij of the negative binomial model, leading to
a hierarchical negative binomial model (HNB). Doing so, expression (3.5) remains
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unchanged and (3.6) can be extended to

Var(Yij |xij) = µij + µ2
ij(eσ

2
b − 1 + φeσ

2
b ). (3.14)

Again two parameters are related to overdispersion: σ2
b and φ in this case and

Var(Yij |xij) ≥ µij for σ2
b ≥ 0 and φ ≥ 0, with equality only if σ2

b = 0 and φ = 0 (the
Poisson case). For more details, see Molenberghs et al. (2007, 2010).

The ZIP model with only a random effect term bi ∼ N(0;σ2
b ) in the model

for the Poisson mean νij has been introduced and studied by Hall (2000). For this
model, the logarithm of the marginal mean can be expressed as

log(µij) = (β0 + σ2
b

2 ) + β1xij − log(1 + exp(−α0 − α1zij)), (3.15)

and the marginal variance as

Var(Yij |xij) = µij

{
1 + µij

(
eσ

2
b − 1 + πij
1− πij

)}
. (3.16)

Note that formula (3.16) combines (3.6) and (3.9) into one formula and reduces to
the Poisson variance if σ2

b = 0 and πij = 0. Lee et al. (2006) extended the model of
Hall further with additional (independent) random effects for the mixture probability
πij . See also Min and Agresti (2005). Unlike in the Poisson case, closed forms for
neither the mean nor the variance follow when normal random effects are present for
the mixture probability πij .

To combine all three approaches, the ZINB can be extended to account for hi-
erarchical/correlated data with the inclusion of subject-specific random effects in one
or both model components (3.4) and (3.10)

logit(P (uij = 1|zij , ai)) = (α0 + ai) + α1zij

log(E(Yij |xij , uij = 1, bi)) = (β0 + bi) + β1xij
, (3.17)

with random intercepts ai and bi (typically normally distributed). Here uij is the
binary mixture indicator, with previously denoted mean πij . The cluster-specific
mean count E(Yij |xij , ai, bi) can then be written (on the log scale) as

log{E(Yij |xij , ai, bi)} = (β0 + bi) + β1xij − log(1 + exp(−α0 − ai − α1zij)). (3.18)
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The ZINB model with only a random effect term bi ∼ N(0;σ2
b ) in the log model for

the Poisson mean νij and no random effect ai has the same marginal mean (3.15) as
the corresponding ZIP model, but the marginal variance can be proven to be

Var(Yij |xij) = µij

{
1 + µij

(
eσ

2
b (1 + φ)− 1 + πij

1− πij

)}
, (3.19)

combining variance expressions (3.3), (3.6) and (3.9). Three parameters in (3.19)
represent additional heterogeneity on top of the Poisson variance: πij , φ and σ2

b

and Var(Yij |xij) ≥ µij when 0 ≤ πij < 1, φ ≥ 0 and σ2
b ≥ 0 with equality only if

πij = 0, φ = 0 and σ2
b = 0. A proof of identities (3.15) and (3.19) is provided in

Appendix B. For the ZINB with a random effect ai ∼ N(0;σ2
a) in the logit model for

the mixture probability πij , closed forms for the marginal mean and variance are no
longer available.

Whereas Lee et al. (2006) and Yau et al. (2003) used independent random ef-
fects in the ZIP model and the ZINB model respectively, we extend the ZINB model
to correlated random effects(

ai

bi

)
∼ N2 (0,Σ), Σ =

(
σ2
a ρσaσb

ρσaσb σ2
b

)
,

with σ2
a and σ2

b the variance components and ρ their correlation parameter; and to
shared random effects

bi = cai, ai ∼ N(0, σ2
a),

for some proportionality constant, implying that σ2
b = c2σ2

a. This model will be
indicated as the Hierarchical ZINB (HZINB) model with versions i) HZINB(ind) for
independent random effects, ii) HZINB(cor) for correlated and iii) HZINB(shared)
for shared random effects. Note that the HZINB(cor) model with zero correlation
reduces to the HZINB(ind) model, and the HZINB(cor) model with correlation one
reduces to the HZINB(shared) model. In a similar way we will denote different
versions of the HZIP model.

Because only complete cases were analyzed, we assumed the data to be miss-
ing completely at random (MCAR). Methodologies to deal with non-ignorable
missingness in zero-inflated models are provided in Hasan et al. (2009) and Maruotti
(2011). For the NMNH data, there is no clear indication why some observations
for some HFs are missing, but it is rather expected to be the result of a random
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mechanism. Therefore it was considered reasonable to assume MCAR.

All models were fitted within the maximum likelihood framework. For maximum
likelihood estimation, the log likelihood function for the hierarchical zero-inflated
Poisson model is

`(α,β,σ) =
N∑
i=1

log
∫ +∞

−∞

∫ +∞

−∞

 ni∏
j=1

P(Yij = yij |ai, bi)

 f(ai)f(bi)daidbi

 ,

(3.20)
with α and β two sets of parameters associated with π and µ, respectively, and σ the
set of variance-covariance parameters of ai and bi. We implemented adaptive Gaus-
sian quadrature to aproximate the integrals in (3.20) in SAS/STAT procedure NLMIXED

(SAS Institute, 2008); see e.g. Liu and Cela (2008). A maximum of 10 quadrature
points were used, according to model complexity and computational time. For simpler
models such as those with independence correlation assumption for random effects,
we used 10 quadrature points. Although in some cases the choice of the quadrature
points may impact the parameter estimation and inference, the use of 10 quadrature
points is widely recommended when implementing adaptive Gaussian quadrature as
it produces log-likelihood values that are close to those when 50 quadrature points are
used (Lesaffre and Spiessens, 2001). Note however that when the number of quadra-
ture points is increased, convergence to a global maximum can be difficult to obtain.
Initial values were obtained from the corresponding ZIP and ZINB models. Illus-
trative code is included in Appendix B. Model selection was based on AIC (Akaike,
1973) as well as on the Bayesian Information Criterion (BIC, Schwarz 1978).

3.3 Application to the NMNH survey

In the dataset on count of maternal deaths (Section 2.1.1), there were 278,173
obstetric admissions registered in the sampled HFs, which resulted in 1,857 recorded
maternal deaths with mean of 5.48 deaths and variance of 630.94 (clearly mean <

variance). About 68% of deaths were due to direct obstetric complications, the most
common cause of maternal death (Romagosa et al., 2007) in the country.

The following covariates were included: region (north, center and south), loca-
tion of HF (inside or outside district capital), type of HF (central hospital, general
hospital, health centers I, II,III and health posts), existence of emergency obstetric
care (yes or no), waiting house (or room, yes or no), proportion of HIV and malaria
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cases (over obstetric admissions), ratio of medical doctors (over total number of
medical staff) and proportion of referrals from and to the HF.

There were 336 out of 412 HFs from which this information was complete,
with a maximum of 10 HFs in a given district and nearly 63% of HFs reported 0
maternal deaths. The average number of maternal deaths equals 5.33, with variance
510.25 (Table 3.1). The mean mortality rate was 504.67 (per 100 000 obstetric
admissions) with standard deviation of 840 and median of 207.37 (interquartile range
(IQR): 34.71 – 449.41).

The proportion of HIV cases in the HFs was on average 0.0120, the propor-
tion of malaria cases 0.0125. The average ratio of medical doctors was equal to 0.473,
with majority of HFs of Type II/III/health post (64.1%), next to central hospitals
(0.6%), provincial & general hospitals (2.7%), Type I HFs (27%), and rural hospitals
(5.6%). Obstetric emergency care was full time available in 53.6 % of the HFs, and
a waiting house was available in only 27.6%. The geographical distribution of the
HFs was as follows: 34.7% in the north, 32.6% in the center and 32.6% in the south;
while only 35% of the HFs were located inside the district capitals.

Table 3.1: Summary statistics of facility-based maternal deaths

Statistcs Maternal deaths Mortality rate
mean 5.33 504.67

standard deviation 22.59 840.33
minimum 0 0

1st quantile 0 34.71
median 0 207.37

3rd quantile 2 449.41
maximum 244 4752.85

The facility-based maternal mortality rate is defined here as the number of
maternal deaths at a HF relative to the number of obstetric admissions. The actual
number of women at risk at a HF within the period of study is not known, but the
number of obstetric admissions to the HF is considered as a good proxy for the
number of women at risk. Therefore the starting model is a Poisson regression model
with mean µij and

log (µij) = η0ij + xtijβ, (3.21)
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where η0ij is the offset log(Eij), with Eij representing the number of obstetric
admissions to the HF. This offset is also part of any extension of the Poisson model.

All models presented in the previous methodological section were applied to
investigate the main effects and all two-way interaction effects of geographical loca-
tion, type of HF, existence of emergency obstetric care and waiting house, proportion
of HIV and malaria cases (over obstetric admissions), ratio of medical doctors (over
total number of medical staff) and the proportion of obstetric admissions referred to
and from other HFs. Parsimonious models were found through a backward regression
procedure with significance level for removal set at 0.20.

The data analysis started with a simple Poisson regression model, followed by
its extensions accommodating one or more sources of heterogeneity. The hierarchical
models include a district specific random intercept. So, the associated variance
component represents the heterogeneity across the districts, or inter-district vari-
ability. We did not investigate the nested effects of districts in provinces. As an
alternative we examined the effect of all districts across provinces. Of course in this
way we cannot disentangle the heterogeneity originating from the provinces and that
from the districts within the provinces. The reason for our approach is twofold:
there is little interest in the particular effect of the provinces (purely administrative
structure); the SAS/STAT PROC NLMIXED does not allow nested random effects in a
ZINB mixture model.

Table 3.2 compares the fits of all models by their -2 loglikelihood and AIC
and BIC values (the lower the AIC or BIC value, the better the fit). The results in
this table clearly confirm the shortcomings of the standard Poisson regression model
(indicated as model of type 0) in this application. The unsatisfactory performance
of the Poisson model is also illustrated by the value of 15.1 for the scaled Pearson
Chi-squared/df; again a clear indication that the standard Poisson distribution with
only fixed effects is unable to capture the heterogeneity in the data in an adequate
way. We distinguish models of type 1 to 3 according to the number of heterogeneities
and extensions that are accounted for. Of all models of type 1, the best improvement
is reached by the negative binomial NB model. The AIC drops spectacularly from
2260.9 to 1070.6. Somewhat surprisingly, also the hierarchical Poisson HP model
(AIC 1420.7) leads to a better fit than the zero-inflated ZIP model (AIC 1682.1).
The ZINB is the best model within the type 2 models (AIC 1032.0), followed by
the HZIP models (AIC from 1047.5 to 1053.2) and the HNB model (AIC 1067.8).
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All models of type 3 (all HZINB models) have very similar AIC values, and very
close to the value of 1032 of the ZINB model. Based on AIC, the best model is the
HZINB (shared) model, but the difference with the ZINB is negligible. The ranking
according to BIC is not exactly the same, but the same models HZINB (shared) and
HZINB (ind) are ranked on position one and two, but they are now more clearly
separated from the models with ranks 3 and 4. Table 3.4 allows us to informally
check the adequacy of the different models, by comparing the observed with the
(rounded) predicted numbers of maternal deaths. This comparison confirms that the
ZIP model still suffers from some lack of fit, and that the ZINB and HZINB-models
fit well.

Parameter estimates and standard errors for the zero-inflated models and ex-
tensions thereof are displayed in Table 3.3. Note that the dispersion parameter in
the ZINB model, φ̂ = 1.217, was found to be highly significant (p-value<0.0001,
from a likelihood ratio test with null distribution a 50:50 mixture of chi-squares
with 0 and 1 degrees of freedom respectively), which once more underscores the
adequacy of this model to deal with the overdispersion present in the data. Part
of this overdispersion is explained by the random intercept of the HZINB model.

Table 3.2: Model fit comparison for the Poisson model and its extensions as discussed
in Section 3.2. The column ‘Type’ refers to the number of extensions as compared to the
Poisson model; the column ‘-2ll’ shows the values of -2×log-likelihood; ‘# Par’ the number
of parameters in the model; ’AIC’ and ’BIC’ the AIC and BIC values respectively, and
the columns ‘Rank’ refers to the ranking of the models according to the AIC and the BIC
criterions.

Distribution Model Type -2ll # Par AIC Rank BIC Rank
P 0 2222.9 19 2260.9 12 2333.5 12

HP 1 1380.7 20 1420.7 10 1477.5 10
ZIP 1 1634.1 24 1682.1 11 1773.8 11

Poisson HZIP (ind) 2 1001.2 26 1053.2 7 1126.9 6
HZIP (cor) 2 995.4 27 1049.4 6 1125.9 5

HZIP (shared) 2 995.5 26 1047.5 5 1121.2 4
NB 1 1030.6 20 1070.6 9 1147.0 9

HNB 2 1025.8 21 1067.8 8 1127.4 7
Negative ZINB 2 982.0 25 1032.0 3 1127.5 8
Binomial HZINB (ind) 3 977.9 27 1031.9 2 1108.5 2

HZINB (cor) 3 976.1 28 1032.1 4 1111.5 3
HZINB (shared) 3 977.5 27 1031.5 1 1108.1 1
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Table 3.3: Parameter estimates and standard errors for Zero-inflated Poisson (ZIP) model,
Zero-inflated Negative binomial (ZINB) model, Zero-inflated Poisson with shared random
effects (HZIP) model and Zero-inflated Negative binomial with shared random effects (HZ-
INB) model. Estimation was done by maximum likelihood using numerical integration over
the random effects.

Model for logit(πij)
ZIP ZINB HZIP (shared) HZINB (shared)

Effect (Reference) Estimate (s.e.) Estimate (s.e.) Estimate (s.e.) Estimate (s.e.)
Intercept -1.015(0.408) -1.577(0.566) -2.136(0.662) -1.761(0.593)
Region (South)
North -2.297(0.988) -7.300(17.038) -1.330(0.806) -7.643(23.541)
Center 0.741(0.393) 0.974(0.477) 1.415(0.581) 1.099(0.509)
Location (District capital)
Outside district capital 2.112(0.404) 2.268(0.522) 2.648(0.532) 2.475(0.539)
Malaria cases (%) -19.198(8.520) -18.399(10.872) -23.945(12.868) -17.393(10.370)

Model for log(νij)
Intercept -3.603(0.156) -4.046(0.856) -2.898(0.443) -3.464(0.791)
Region (South)
North -1.248(0.108) -0.802(0.389) -0.745(0.427) -0.700(0.403)
Center -0.512(0.102) 0.742(0.425) 0.297(0.492) 0.451(0.483)
HF type (Central hospital)
General hospital 0.210(0.075) 0.699(0.895) -0.168(0.097) 0.197(0.742)
Type I -1.139(0.100) -0.335(0.842) -1.693(0.154) -1.283(0.719)
Type II,III,H.Post -1.035(0.198) -0.664(0.925) -2.622(0.358) -1.893(0.850)
Rural hospital -0.829(0.122) -0.312(0.910) -1.072(0.343) -0.979(0.767)
Location (District capital)
Outside district capital 1.228(0.116) 0.673(0.508) 0.539(0.356) 0.849(0.533)
Obstetric emergency care (Not available/partial time)
Full time -0.186(0.135) -0.279(0.322) -0.605(0.271) -0.316(0.341)
Malaria cases (%) -6.008(1.311) 1.721(3.473) -5.088(2.977) 0.822(3.669)
HIV cases (%) 8.595(0.974) 9.496(2.833) 11.857(2.547) 8.373(3.118)
Waiting house (Not available)
Available 0.460(0.079) 0.060(0.295) -0.020(0.281) 0.011(0.303)
Ratio of medical doctors 0.180(0.284) 0.778(0.647) 1.511(0.540) 1.155(0.729)
Proportion of referrals to -3.422(0.228) -3.335(2.307) -3.690(0.377) -3.621(1.514)
Proportion of referrals from -12.682(1.437) -13.981(3.463) -17.146(3.073) -13.046(3.790)
Region× Location
North×Outside district capital -2.625(0.325) -2.786(0.550) -1.974(0.504) -2.940(0.556)
Center×Outside district capital -0.826(0.209) -1.543(0.676) 0.053(0.413) -0.762(0.732)
Region× HIV cases(%)
North×HIV cases(%) 238.891(29.761) 7.950(70.322) 114.670(80.999) 13.386(77.236)
Center×HIV cases(%) -29.011(4.074) -53.792(12.999) -33.558(15.279) -41.699(14.926)
Dispersion (φ) - 1.217(0.221) - 0.556(0.228)
Variance b1i (σ2

a) - - 1.801(0.414) 0.813(0.363)
Proportionality factor (c) - - 0.511(0.260) 0.370(0.466)
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The estimate for φ remains significant (p-value=0.017), but its value decreases to
0.556 while the estimated standard error remains essentially the same (0.228). In
the same spirit, the estimate of the variance component of the HZIP(shared) model
(1.801, standard error estimate 0.414, p-value<0.001) decreases when extending the
HZIP(shared) model to the HZINB(shared) model (0.813, standard error estimate
0.363, p-value=0.017). Also the proportionality factor c shares a similar change
from the HZIP(shared) to the HZINB(shared) model. It is clear that the dispersion
parameter φ and the variance component σ2

a both take their part of the additional
heterogeneity in the observed data.

Roughly speaking, the estimates across the different models are in line, albeit
the values can differ quite a bit and interpretation in the hierarchical models is
different (conditional, given a district). As expected the standard errors are in general
larger for the negative binomial models, as compared to their Poisson counterparts.
For any practical purposes, the ZINB model and HZINB(shared) lead to similar
conclusions and interpretations. Remember that for the HZINB model the maternal

Table 3.4: Observed and predicted number of maternal deaths from the Poisson model and
zero-inflated extensions.

Predicted frequency
Maternal Observed Poisson ZIP HZIP ZINB HZINB

deaths frequency (shared) (shared)
0 214 172 203 206 214 213
1 33 64 50 44 37 39
2 18 19 21 22 22 24
3 18 15 16 16 13 12
4 6 11 8 2 7 7
5 6 5 1 6 5 3
6 2 2 2 5 5 7
7 3 5 4 2 3 3
8 4 4 2 6 3 3
9 2 2 2 2 2 2
10 4 2 2 2 3 1

11-50 21 26 18 17 18 18
51-100 2 6 5 3 3 3
101-150 1 3 1 1 0 0
>151 4 3 2 3 4 4
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mortality rate is modelled as (combining (3.12) and (3.21))

µij
Eij

= (1− πij)νij . (3.22)

Hence the total effect of a covariate plays through both parameters, the mixing
parameter πij and the parameter νij , in a multiplicative way.

Focusing first on the model for the mixture probability πij , only region, loca-
tion of HF and percentage of women admitted with malaria play a role. HFs in the
central region (as compared to those in the south), and HFs located outside the
district capital show a higher propensity to declare more zero deaths and hence have
a higher probability πij . This latter observation might be explained by a tendency of
HFs located outside the district capital to transfer most of its complicated cases to
other HFs in the district capital. The effect of the percentage of women with malaria
implies that a higher percentage leads to a lower probability πij , but this effect was
no longer significant when switching from the Poisson to the better fitting negative
binomial version of the model.

Switching to the model for νij , the effect of region and location is a bit more
complicated, as they also interact in their effect. In the north, HFs located outside
the district capital have a lower estimated value for νij ; the same holds for HFs in the
center but less pronounced, and for HFs in the south there is no difference between
HFs in the district capital or outside.

Although the health facility type appeared to be (highly) significant in the
ZIP and HZIP(shared) model, it is no longer the case for the ZINB model. For the
HZINB(shared) model, type II, III , Health Post has a significant lower mortality rate
as compared to central hospitals. The proportion referrals to and from the HFs seem
to have a negative effect, implying a decrease in mortality rate as the proportion
referrals increases. A possible explanation is that the maternal death occurrence
will be registered in a different HF, rather than in the actual HF where the patient
checked in. In the ZINB and HZINB(shared) models, there was no significant effect
of the existence of a waiting house, of the availability of emergency obstetric care
and of the ratio of medical doctors.
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3.4 Discussion

In this chapter we extended the Poisson regression model to a hierarchical zero-
inflated negative binomial model (HZINB) with independent, correlated and
shared random effects. The HZINB model explicitly models i) the excess of zero
counts (mixing parameter πij), ii) the hierarchical structure in the data (variance
component σ2

a and/or σ2
b ), and iii) incorporates implicitly other sources of hetero-

geneity/overdispersion (overdispersion parameter φ). Mathematical expressions for
the mean and variance structures were derived, illustrating nicely the contribution
to the total heterogeneity represented by each of the parameters πij , σ2

b and φ.

The HZINB and all intermediate and simpler models dealing with one or two
additional structures were applied to counts of maternal deaths as obtained in
the NMNH survey. The final model was selected using AIC. This led to the
HZINB(shared) model as best model, but the difference in AIC with the simpler
ZINB model was so minor, that the latter model suffices for most practical pur-
poses. We used the traditional “marginal” definition of AIC, as provided with
SAS/STAT PROC NLIXED. We do recognize that the use of the conditional AIC
has been advocated when the research focus is on clusters. The conditional AIC
has first been introduced in mixed models (see e.g. Vaida and Blanchard 2005),
and has recently been extended to generalized linear mixed models (see Liang et
al., 2008, Donohue et al., 2011, Yu and Yau, 2012, and Lian, 2012). We based
model selection on the marginal AIC for the reason that the conditional AIC has
not been studied or implemented yet for the HZINB type of models. This is an
interesting topic for further research. Another interesting point for further research
is the development of a formal test for overdispersion with zero-inflated count data,
such as an extension of Baksh et al. (2011) with the inclusion of covariate information.

We found that the maternal mortality rate mainly depends on the geographi-
cal location of the HF, the percentage of women admitted with HIV and the
percentage of referrals from the HF. Some of these covariates had an effect on both
model components (mixture probability πij and mean parameter νij) and some
of them interacted in their effect. The ZINB model also showed that an increase
in the proportion of admitted women with HIV tends to increase the maternal
mortality rate, which is in line with findings from Menéndez et al. (2008). This fact,
in addition to a non-significant effect of emergence obstetric care, might point out
that there is still room for additional public health programmes by the Mozambican
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health authorities, with special attention to the quality of care for pregnant women
within HFs. Although the increasing role of malaria on maternal mortality has been
mentioned in literature (Romagosa et al., 2007), and although this effect appeared
to be relevant in the Poisson models, their negative binomial counterparts did not
indicate any significant effect of the percentage of women with malaria.

However, we would like to mention some limitations of the data and conse-
quently of our analyses: only aggregated data on the level of HFs was available,
and only complete cases were included. Inference from aggregated data may suffer
from the well-known ecological fallacy. This fallacy lies in the assumption that
an association observed at one level of aggregation (e.g. HFs) also holds on the
non-aggregated level (individual patients). Complete case analysis assumes that the
missing data mechanism is missing completely at random. Although these limitations
imply some cautiousness in formulating conclusions, we are convinced that such data
need more attention and need to be analyzed with appropriate models.





Chapter 4
Mapping maternal mortality
rate via spatial zero-inflated
models for count data

Maternal mortality is still a major burden in Mozambique, with statistics showing
a maternal mortality rate of about 489 deaths per 100,000 live births in 2015, even
though the rates tend to decrease since 1990. Obstetric complications and diseases
such as malaria and HIV/AIDS are amongst the most relevant causes of maternal
deaths in Mozambique, with most deaths occurring within health facilities. Often,
the analysis of data on maternal mortality involves the use of counts of maternal
deaths as outcome variable. In Chapter 3 we showed that hierarchical extensions of
zero-inflated models were very successful in dealing with overdispersion and clustered
counts when analyzing data on maternal deaths and related risk factors within health
facilities in Mozambique. This Chapter presents an extension of such models to
account for spatial variation in a disease mapping framework of the facility-based
maternal mortality in Mozambique.

4.1 Introduction

Maternal mortality is still a major health problem in Mozambique, despite the
country had registered significant advancements in the last 10 years with an annual
rate of reduction of approximately 4.4%, between 2005 and 2015 (WHO, 2015).
Although both direct (hemorrhage, eclampsia, puerperal infection, etc ) and indirect

37



38
Chapter 4. Mapping maternal mortality rate via spatial zero-inflated models

for count data

(malaria, anemia, tuberculosis, HIV/AIDS, etc) complications are pointed as the
main causes of maternal deaths in the country (Granja et al., 2001, Romagosa et
al., 2007, Chavane et al., 2016, Jamisse et al., 2004), one important determinant
continues to be the lack of infrastructure and human resources given the amount
of avoidable deaths inside health facilities if appropriate care was to be provided
(Sundari, 1992). Consider, for instance, the data in the NMNH survey, where
information was gathered from a random sample of 412 health facilities (HFs).
There were 278,173 obstetric admissions which resulted in 1,857 recorded maternal
deaths. About 68% were due to direct obstetric complications and 32% caused by
non-obstetric complications.

The coverage of institutional deliveries is estimated at 58% (David et al., 2014) while
the number of confirmed maternal deaths is 8 times higher than that reported by
health facilities (Songane and Bergstrom, 2002). In addition, there is a considerable
difference on access and quality of care services between rural and urban areas.
Most rural health centers do not have qualified medical personal and equipment
for basic or comprehensive emergency obstetric care or lack established routines for
assessment of quality of maternity care offered (Chavane et al., 2016, Songane and
Bergstrom, 2002), which in many situations requires referrals of patients to “better”
or urban health facilities. For instance, in the NMNH data, only 7.7% of maternal
deaths were registered in health centers of class 2 (health centers type II, III and
health posts), representing about 64% of all HFs sampled, which also included class
1 centers (hospitals and health center type I), much larger and located at the cities
or district capital. Class 2 HFs were responsible for approximately 87.5% of referrals
due to obstetric complications to class 1 HFs. The referrals from one facility to
another may imply that no maternal deaths are reported in vast areas of the country
(detailed picture in Figure 4.2(a)) leading to a phenomenon which appears quite
often in count data collected in health services: the excessive number of zero counts,
more than expected relatively to the commonly used Poisson distribution (see Figure
4.1).

Zero-Inflated Poisson (ZIP) or Zero-Inflated Negative Binomial (ZINB) and
the Hurdle model have been proposed to model data with extra zeros. They both
assume that for each observation there are two possible data generating processes
with different probabilities: one generates the zeros with probability p and another
the counts with probability (1 − p). A Bernoulli model is used to determine which
of the two processes is used. While the zero-inflated assumes two types of zeros
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Figure 4.1: Histogram of observed maternal deaths

exists in the data (structural zeros and sampling zeros), the Hurdle is a two-part
conditional model which assumes that only sampling zeros exist. Since in the NMNH
survey data, one should expect structural zero maternal deaths be reported in health
centers lacking any surgery facility or maternity ward such as health centers of type
III and health posts, and sampling zeros from health facilities of class 1 (provincial or
district hospitals), zero-inflated models should be preferred to Hurdle models, which
are more appropriate only when a true separation of the zero and non-zero data is
known.
There are many examples of applications of zero-inflated models in public health
and social sciences (Böhning et al.,1997, Famoye and Singh, 2006, Lee et al., 2006),
ecological studies (Cunningham and Lindenmayer, 2005, Sileshi et al., 2009) and
from different disciplines (Arab et al., 2008, Böhning, 1998, Minami et al., 2007).

For lattice spatial count data, defined as spatially-indexed data associated with
geographic regions or areas for which the outcome is assumed as a random variable at
each area, hierarchical Poisson models are often used fitting naturally in the Bayesian
framework (Arab et al., 2006, De Oliveira, 2013). ZIP models have been extensively
applied in the Bayesian context (Ghosh et al., 2006, Naya et al., 2008, Neelon et al.,
2010), as well as their spatial counterpart with applications in ecological (Flores et
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al., unpublished, Rathbun and Fei, 2006) and health fields (Arab, 2015, Musal and
Aktekin, 2013, Musenge et al., 2013, Neyens et al., 2016).

Usually spatial heterogeneity is accounted for by introducing random effects
using Gaussian processes such as the Conditional Autoregressive model (CAR) either
in the non-zero component of the model or on both model components via a bivariate
CAR model. The former case is well illustrated by Agarwal et al. (2002) in which a
ZIP model is applied for counts of isopod nest burrows in Israel and by Gschlößl and
Czado (2008) with a review of models for count data with overdispersion and spatial
effects applied to the number of invasive meningococcal disease cases in Germany. On
the other hand, Neelon et al. (2010) used a Hurdle model with bivariate CAR prior
for spatial random effects introduced on both model components (i.e., dependence
between components), and applied to health services data. Although less commonly
encountered in the spatial zero-inflated literature, allowing for between-component
correlation reduces bias in parameter estimates, and can be easily fitted in the
Bayesian context using standard software (Neelon et al., 2010).

Our study on facility-based maternal mortality in Mozambique in Chapter 3
showed the flexibility of a class of zero-inflated models to accommodate both
”known” and ”unknown” sources of heterogeneity with inclusion of random effects on
both components of data generating processes. In this chapter, we aim at extending
such models to allow for spatial heterogeneity and apply it to a disease mapping
framework for maternal mortality rate in a Bayesian context. Our approach considers
the inclusion of spatially indexed random effects to accommodate unmeasured within
and between-component spatial dependence on a set of hierarchical ZIP models(which
include non-spatial normal random effects). This enables the models to deal with
both non-spatial and spatial clusters due to common environmental, demographic or
cultural effects shared by neighboring areas, improving our understanding of spatial
patterns and differences in mortality rates across areas (Nandram et al., 2000). We
will refer to these models as spatial ZIP or spatial ZINB.
Due to the complexity of the posterior distribution for parameter estimation,
we relied on Markov Chain Monte Carlo (MCMC) algorithms implemented in
WinBUGS software (version 14.0), which contrary to the recent Integrated Nested
Laplace Approximation (INLA) method, allows fitting a regression model for the
zero-inflation component (Arab, 2015). Model comparison was done using DIC and
Brier score as suggested in Gschlößl and Czado (2008).
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The remaining of this chapter is organized as follows: a description of the
zero-inflated model is given in Section 4.2. Spatial zero-inflated models are discussed
in Section 4.2.2 followed by details on model estimation and selection in Section 4.3,
and results and discussion in Sections 4.4 and 4.5, respectively.

4.2 Zero-inflated models

4.2.1 Hierarchical zero-inflated models

Let Yij , Eij and λ̂ij be the number of maternal deaths, obstetric admissions
(population at risk) and observed mortality rate (λ̂ij = yij

Eij
) for health facility j

within district i (i = 1, ..., n; j = 1, ..., ni) respectively, and let xij and zij denote
two sets of explanatory variables or risk factors.

A zero-inflated (ZI) model is defined as follows:

Yij ∼

{
0 with probability πij
f(yij) with probability 1− πij

, (4.1)

with a Poisson (P) or negative binomial (NB) distribution for f(yij) and πij the zero-
inflation probability. Denote by λij the mortality rate and φ the dispersion parameter
of the Negative Binomial distribution, then we can rewrite (4.1) as:

Yij |Eij , λij , πij ∼ ZIP(Eijλij , πij), (4.2)

for ZIP distribution, or

Yij |Eij , λij , πij , φ ∼ ZINB(Eijλij , πij , φ), (4.3)

for ZINB distribution.

Denoting νij = Eijλij , the parameters νij and πij can be modeled as a func-
tion of covariates xij and zij using canonical link functions:

logit(πij) = ztijα

log(νij) = xtijβ + log(Eij)
, (4.4)

where α and β are vectors of model parameters. The mean of Yij is given as:

µij = E(Yij |xij , zij) = (1− πij)νij . (4.5)
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If data is hierarchically structured, such as in the NMNH survey with clusters of health
centers within districts, Hall (2000) introduced the ZIP model with random effects,
which we will refer to by adding H (Hierarchical) to the ZIP and ZINB acronym, i.e.,
HZIP and HZINB, respectively

logit(πij) = ztijα+ ϑi

log(νij) = xtijβ + log(Eij) + θi
, (4.6)

where ϑi and θi are random intercepts for the i-th district usually assumed to follow:(
ϑi

θi

)
∼ N2 (0,Σθ), Σθ =

(
σ2
ϑ ρσϑσθ

ρσϑσθ σ2
θ

)
,

with ρ the between-components correlation parameter, i.e., correlation between the
maternal deaths indicator and the number of maternal deaths within districts. Higher
values for ϑi are indicative of higher probability of zero maternal deaths in district
i compared to other districts. Similarly, higher values for θi imply larger expected
counts of maternal deaths in district i compared to other districts. With this model
specification, unobserved effects on the maternal mortality rate can be accounted for
via the latent variables θi and ϑi. It also allows a multitude of parameterizations for
the covariance matrix structure, such as the shared parameter model if we let ϑi = ςθi,
for some proportionality constant ς, implying that σ2

ϑ = ς2σ2
θ , or the independent

random intercepts model when ρ = 0. The case where ρ 6= 0 will be referred to as
HZIP or HZINB (correlated) and for ρ = 0 and ϑi = ςθi as HZIP (independent) and
HZIP (shared), respectively. We showed previously in Chapter 3, using likelihood-
based methods, that the HZINB (shared) provided better fit to the NMNH data and
that the Negative Binomial family of models outperformed its Poisson counterpart.

4.2.2 Spatial zero-inflated models

We now extend model (4.6) to accomodate both non-spatially and spatially structured
heterogeneity. Let θi and ϑi be the non-spatially and υi the spatially structured
random effects for the i-th district. The model can be written as

logit(πij) = ztijα+ ϑi

log(νij) = xtijβ + log(Eij) + θi + υi
, (4.7)

with
ϑi|σ2

ϑ ∼ N(0, σ2
ϑ) and θi|σ2

θ ∼ N(0, σ2
θ).
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For lattice data, spatial dependence between the counts is introduced via υi, and usu-
ally one assumes the υi to follow a Conditional Autoregressive (CAR) model defined
as:

(υi|υi′ , σ2
υ)i 6=i′ ∼ N

(
ψ
∑
i∼i′ υi′ωii′∑
i∼i′ ωii′

,
σ2
υ∑

i∼i′ ωii′

)
, (4.8)

where
ωii′ = 1 if i and i′ are adjacent (or i ∼ i′) and 0 otherwise;
ψ is a spatial autocorrelation parameter.

If ψ = 1 in (4.8) then the intrinsic CAR model proposed by Besag et al. (1991) is ob-
tained. In WinBUGS version 14.0, intrinsic CAR can be specified via the car.normal

function and proper CAR through car.proper function. Similarly to the hierarchical
situation in Section 4.2.1, the case where ρ 6= 0 will be referred as spatial hierarchical
ZIP or ZINB (correlated), denoted SpHZIP or SpHZINB (correlated) and for ρ = 0
and ϑi = ςθi as SpHZIP (independent) and SpHZIP (shared) respectively. Model
(4.7) above assumes that all correlation within and between-components is accounted
for by the unstructured random intercepts θi and ϑi and thus the propensity for ma-
ternal deaths and number of maternal deaths are spatially unrelated. This is possibly
not the case in the NMNH data, where clusters of areas more prone for maternal
deaths are located in major cities along the costal line (see Figure 4.2(a)). To allow
this association due to unobserved common environmental or demographic effects and
sharing of information across neighboring areas, a bivariate vector of spatially corre-
lated data in each area or district, υi = (υ1i, υ2i)t, i = 1, . . . , n should be considered.
We could rewrite model (4.7) as:

logit(πij) = ztijα+ ϑi + υ1i

log(νij) = xtijβ + log(Eij) + θi + υ2i,
, (4.9)

using an intrinsic bivariate CAR prior,(
υ1i

υ2i

)
∼ N2 (ῡi,Συ) ,

where ῡi = (ῡ1i, ῡ2i) and

ῡpi =
∑
i∼i′ υpi′ωii′∑
i∼i′ ωii′

, p = 1, 2 ,

while Συ is a 2×2 covariance matrix with diagonal elements σ2
υ1

and σ2
υ2

representing
the conditional variances of υ1i and υ2i respectively, and off-diagonal element συ12
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representing the within-district covariance between υ1i and υ2i, which controls the
between-components spatial association. If συ12 is positive then areas with higher
probability of maternal deaths will tend to show elevated numbers of facility-based
maternal deaths, whilst συ12 = 0 is indicative of spatially unrelated model compo-
nents.
We will denote as spatial hierarchical ZIP (correlated-correlated) or SpHZIP
(correlated-correlated) the case where ρ 6= 0 and συ12 6= 0, and as spatial hierar-
chical ZIP (correlated-independent) or SpHZIP (correlated-independent) if ρ 6= 0 and
συ12 = 0. A good model building strategy suggests starting the fitting process with the
SpHZIP (correlated-correlated) and if we fail to reject the hypothesis that συ12 = 0,
reduce to SpHZIP (correlated-independent) or to a further simplified version (Neelon
et al., 2010). This can be easily implemented in standard Bayesian softwares, and
although a proper multivariate CAR prior has been discussed elsewhere (Gelfand and
Vounatsou, 2003), only the intrinsic option is currently available in WinBUGS, using
the mv.car function.

4.3 Model estimation and selection

Given the high dimensional and complex distributions for the models presented in
Section 4.2.2, a Bayesian approach was considered for parameter estimation. The
Bayesian context offers a flexible framework capable of accommodating complex rela-
tionships between data and models while incorporating various sources of uncertainty
such as uncertainty about model parameters or missing data via prior distributions
(Arab et al., 2006).
As such, we specified the Negative Binomial distribution as a Poisson-Gamma mixture
model (Ntzoufras, 2009),

Yij |uij ∼ Poisson(λijuij) and uij ∼ Gamma(r, r)

where Yij = 0, 1, 2, . . . , r and r > 0 is a positive parameter. Under this parametriza-
tion, the marginal distribution of y (discarding any subscript) is given by:

f(y) =
∫ ∞

0
f(y|u)f(u)du = Γ(y + r)

y! Γ(r)

(
r

r + λ

)r (
λ

r + λ

)y
, (4.10)

which is a Negative Binomial distribution with parameters r/(r + λ) and φ = r−1.

Samples from the posterior distributions of model parameters were drawn us-
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ing MCMC methods, specifically the Metropolis-Hastings algorithm. The following
non-informative prior distributions were assigned to the model parameters:

β ∼ N(0, σ2
β) with σ−2

β ∼ Γ(10−5, 10−5),
α ∼ N(0, σ2

α) with σ−2
α ∼ Γ(10−5, 10−5),

θ ∼ N(0, σ2
θ) with σ−2

θ ∼ Γ(10−3, 10−3),
ϑ ∼ N(0, σ2

ϑ) with σ−2
ϑ ∼ Γ(10−3, 10−3),

τ2
υ ∼ Γ(5× 10−3, 5× 10−3) with σ2

υ = τ−2
υ ,

τ2
υ1
, τ2
υ2
∼ Γ(5× 10−3, 5× 10−3) with σ2

υ1
= τ−2

υ1
and σ2

υ2
= τ−2

υ2
,

φ = 1
r , r being the order parameter in the NB distribution and r ∼ Γ(10−3, 10−3),

ς ∼ N(0, 10−4).

A Wishart prior with 2 degrees of freedom was assumed for the inverse-covariance
matrix on the bivariate distribution for both the spatial and non-spatial random
effects:

Σ−1
θ ∼Wishart(Ω, 2) and Σ−1

υ ∼Wishart(Ω, 2),

with Ω a scale matrix and a prior guess of the order of the covariance matrix,

Ω =
(

1 0
0 1

)
.

The ”zero trick” strategy, which consists in using a well known distribution such as
the Poisson distribution to indirectly specify an arbitrary model likelihood, was used
to implement the ZIP and ZINB likelihood, since in WinBUGS no default likelihood
currently exists for these distributions (Ntzoufras, 2009). If we assume a model with
log-likelihood `ij = log f(yij |Θ), then using the ”zero trick” strategy the model like-
lihood is written as

f(yij |Θ) =
n∏
i=1

ni∏
j=1

exp(`ij) =
n∏
i=1

ni∏
j=1

exp(−(−`ij))(−`ij)0

0! =
n∏
i=1

ni∏
j=1

fPoisson(0,−`ij)

(4.11)
where Θ is the set of parameters of interest and fPoisson the Poisson probability
density function. To ensure the positivity of the likelihood, a positive constant C
was added such that −`ij + C > 0. WinBUGS codes for this implementation are
available in the Appendix. A total of 50,000 iterations were used with a burn-in of
20,000. Convergence of MCMC chains was monitored using trace plots.

For selection of competing models we used Deviance information criteria (DIC,
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Spiegelhater et al., 2002) which is given by:

DIC = 2D(Θ)−D(Θ),

where D denotes the Deviance and over-lines denotes posterior expectation. One
major weakness of DIC is that it lacks invariance to re-parameterizations due to the
use of the posterior mean Θ, which should be chosen on computational grounds so
to provide likelihoods that are available in closed forms (Spiegelhalter et al., 2002,
Millar, 2009).

One alternative is to use a scoring measure such as the Brier score discussed
in Gschlößl and Czado (2008), for categorical variables. The Brier score is a proper
score such that the highest score is obtained for the best model. It is based on the
posterior predictive probabilities:

pijs = P(Yij = s|Θ)

We used the following definition for the Brier score:

− 1
n

J∑
k=1

n∑
i=1

(
pijs − p̂

emp
ijs

)2
, (4.12)

for k = 1, . . . , J , the k-th iteration of the MCMC algorithm and p̂empijs
= 1 if Yij = s

and 0 otherwise, the empirical probability that observation ij takes the value s. The
higher the score, the better the model. To obtain the posterior predictive probabilities
pijs = P(Yij = s|Θ), we used the posterior predictive ordinate or PPO (Ntzoufras,
2009),

PPOij = p(Yij = s|Y ),

estimated by

P̂POij = 1
J

J∑
k=1

P (Yij = s|Θk), (4.13)

with Θk the vector of parameter values generated in the k-th MCMC iteration. To
calculate the ˆPPO using the MCMC outputs one only needs to set a node equal to
the likelihood evaluated at the current values of Θ.
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4.4 Application to the NMNH survey

Figure 4.2(b) shows the observed facility-based maternal mortality rate (MMR),
obtained after aggregating the observed counts and dividing the total number of
obstetric admissions within each district (multiplied by 100,000), with obstetric
admissions used as a proxy for total number of women at risk of maternal death.
Geographically, the highest rates were found in the South, where districts of Gaza and
Inhambane located alongside the cost line of Mozambique such as Chibuto, Manjacazi
or Homoine had rates greater than 3000 (per 100 000 obstetric admissions). District
of Muanza in Sofala province with rate greater than 4000 (per 100,000 obstetric
admissions) and districts of Maravia, Moatize and Cahora-Bassa in Tete province,
rates greater than 2500 (per 100,000 obstetric admissions) were the highest cases in
central Mozambique. In the North, the highest rates were mostly observed in Cabo
Delgado province and were not more than 2500 (per 100 000 obstetric admissions).
The highest facility-based maternal mortality rate was observed in the district of
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(a) Maternal mortality rate in health facilities
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(b) Aggregated maternal mortality rate

Figure 4.2: Maternal mortality rate in Mozambique per 100,000 obstetric admissions in
health facilities. Ratio in health facilities (a) and aggregated at district level (b). Blank
spots in (b) indicate districts for which no data was available.

Massingir in the southwest of Gaza province, with 4752.9 (per 100,000 obstetric
admissions), i.e, 25 maternal deaths of 526 obstetric admissions, for a district with a
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population density of 4.8 per km2 according to 2007 population census (INE, 2010).

The models considered for this application have the same specification as in
Chapter 3. Specifically, we consider the following initial ZIP model:

log(νij) = β0 + β1NORTHij + β2CENTERij + β3PHij + β4HC1ij + β5HC2ij + β6RHij

+β7LOCij + β8WAITij + β9MEDij + β10EMOCij + β11MALij + β12HIVij

+β13REFOUTij + β14REFINij

+β15NORTHij × LOCij + β16CENTERij × LOCij + log(Eij),
logit(πij) = α0 + α1NORTHij + α2CENTRALij + α3LOCij + α4MALij

(4.14)
where NORTH and CENTER are two dummy variables from regions (south,
center, north), LOC=location of HF (ref=inside district capital vs. outside
district capital), PH, HC1, HC2 and RH are 5 dummy constructs for type of
health facility (PH=provincial hospital, HC1=health center I, HC2=health center
II/III/health post and RH=rural hospital), WAIT=waiting house (ref=not available
vs. available), MED=ratio of medical doctors (over total number of medical staff),
EMOC=emergence obstetric care (ref=none/partial time vs. full time), MAL=
proportion of malaria cases, HIV= proportion of HIV cases, REFOUT=proportion
of referrals to other HFs and REFIN=proportion of referral from other HFs. This
model construction was a result of a likelihood-based backward regression procedure
with significance level for removal set at 0.20.

Table 4.1 shows the DIC and Brier score for model fit comparison for 2 fami-
lies of distributions, the Poison and negative binomial, starting with their simple
versions of regression models and followed by their extensions to account for
non-spatial and spatial heterogeneity.
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Table 4.1: Model fit comparison for spatial zero inflated models. “H” stands for hierarchical
or random effects model and “Sp” for spatial.

Distribution Model Deviance Effective par. DIC Brier score
No spatial effects

P 1998.1 17.1 2015.2 -0.4493
HP 1184.9 89.6 1274.6 -0.3928
ZIP 1475.5 20.8 1496.3 -0.3740

Poisson HZIP (independent) 844.7 86.9 931.6 -0.3441
HZIP (correlated) 841.8 85.4 927.3 -0.3415

HZIP (shared) 849.9 82.7 932.6 -0.3448
NB 1043.1 12.8 1055.9 -0.3971

HNB 988.7 44.9 1033.6 -0.3866
Negative ZINB 999.9 16.6 1016.6 -0.3797
Binomial HZINB (independent) 948.3 47.2 995.5 -0.3908

HZINB (correlated) 937.9 53.8 991.8 -0.3674
HZINB (shared) 956.3 40.1 996.4 -0.3708

Spatial with intrinsic CAR prior
SpP 1209.7 111.1 1320.8 -0.3941

SpHP 1184.9 92.1 1277.0 -0.3922
SpZIP 929.2 160.6 1089.8 -0.3483

Poisson SpHZIP (independent) 843.6 92.5 936.0 -0.3427
SpHZIP (correlated) 840.4 87.4 927.8 -0.3413

SpHZIP (shared) 850.9 86.1 937.0 -0.3441
SpNB 995.8 39.4 1035.2 -0.3890

SpHNB 987.1 45.6 1032.7 -0.3866
Negative SpZINB 960.6 48.8 1009.4 -0.3708
Binomial SpHZINB (independent) 953.7 63.6 1017.3 -0.3696

SpHZINB (correlated) 940.9 65.1 1006.0 -0.3670
SpHZINB (shared) 956.6 49.4 1006.0 -0.3700

Spatial with proper CAR prior
SpP 1213.3 118.4 1331.7 -0.3938

SpHP 1186.4 90.9 1277.3 -0.3926
SpZIP 877.4 116.5 993.9 -0.3463

Poisson SpHZIP (independent) 838.8 93.3 932.1 -0.3413
SpHZIP (correlated) 840.4 85.3 925.6 -0.3414

SpHZIP (shared) 850.3 80.5 930.8 -0.3447
SpNB 998.3 54.0 1052.4 -0.3876

SpHNB 1004.6 57.8 1062.3 -0.3882
Negative SpZINB 959.9 56.1 1015.9 -0.3703
Binomial SpHZINB (independent) 961.7 66.1 1027.8 -0.3706

SpHZINB (correlated) 944.7 66.7 1011.4 -0.3680
SpHZINB (shared) 963.6 60.7 1024.2 -0.3705

Spatial with intrinsic multivariate CAR prior and correlated random effects
Poisson SpHZIP (correlated - independent) 837.9 91.8 929.6 -0.3397

SpHZIP (correlated - correlated) 833.3 91.7 924.9 -0.3397

The negative binomial family of models seemed to outperform its Poisson
equivalent, except when the hierarchical structure of the data is taken into account.
The simple Poisson regression showed the worst fit of all models considered with a
DIC=2015.2 versus DIC=1055.9 of the simple negative binomial regression, once
again highlighting the need for proper accounting of overdispersion in the data. We
observed a much greater reduction on the DIC or Brier score when the ZIP models
incorporate random effects than when the ZINB models do. The HZIP (correlated)
ranked as the best model when spatial effects are ignored, with a DIC of 927.3 and
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Brier score of -0.3415, followed closely by the HZIP (independent) with a Brier score
equal to -0.3441, not surprisingly so since the (non-spatial) between-component
correlation was estimated at 0.44 (95%posterior interval(PI): -0.28 – 0.86) which was
statistically not different from zero. In that category, the best model in the Negative
Binomial family is the HZINB(correlated) with a score of -0.3674, while the HZINB
(independent) model did not improve that much the fit obtained by the simple NB
regression according to the Brier score.

When spatial effects are considered using an intrinsic CAR prior, generally we
observed a similar pattern as before: SpHZIP models improved the fit of a simple
spatial Poisson regression and they offered better fits than the SpHZINB, with both
DIC and Brier scores. Again, the SpHZIP (correlated) is ranked the best model
with a score of -0.3413, which is not that different to when the spatial structure was
ignored. In fact, the DIC value slightly increased, from 927.3 when spatial effects
were ignored to 927.8 when spatial effect were included. A preliminary conclusion
here is that spatial heterogeneity is not significant or is already taken into account
with the incorporation of non-spatial random effects. Looking at the variance
components estimates for the SpHZIP (correlated) in Table 4.2, the variance of θ
(random intercept on number of maternal deaths) estimated as 1.24 is roughly 2
times the variance of υ2 (spatial random effect on number of maternal deaths) at 0.79,
indicative once more for the dominance of non-spatial heterogeneity on the spatial
one. Also, for this model there was no sufficient evidence for between-component
correlation (ρ̂ = 0.44, 95%PI:-0.37 – 0.87). This is also the case when proper CAR
priors are considered, with the best model SpHZIP (independent) having a score of
-0.3413 followed closely by the SpHZIP (correlated) with a score of -0.3414, and ρ

statistically not different from zero (0.44 and 95%PI: -0.32 – 8.87). Interestingly, the
posterior mean for ψ provided in the proper CAR prior was -0.10 (95% PI: -0.74 –
0.97), an indication of negative spatial autocorrelation in the number of facility-based
maternal deaths across districts, though not significant.

As pointed out in Section 4.2.2, spatial patterns or clusters on the NMNH
data cannot be completely identified by only a spatial random effect on the
counts component of a zero-inflated model. This is shown by the improvement
obtained in model fit when bivariate CAR priors are considered. Although the
SpHZIP(correlated - correlated) had the lowest DIC value (924.9), we obtained
the exact same Brier score as for the SpHZIP (correlate - independent) of -0.3397,
implying no spatial dependence between model components. The estimate of
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συ12 was -0.54 (95% PI: -1.88 – 0.11) which shows a negative between-component
association, i.e., areas with high likelihood of maternal deaths tend to show a reduced
number of facility-based maternal deaths, but with no sufficient evidence that this
is indeed different from zero. However, an interesting note about this model is the
considerable variation of spatial random effects introduced in the zero component
relative to its equivalent in the counts component. From these results, a much
simpler model was constructed through a model building process starting from
the SpHZIP(correlated - correlated) model. We also removed non-significant fixed
effects and correlation that had been encountered in the previous models and end up
with the more parsimonious SpHZIP (independent - independent) model, which as-
sumes that a multivariate set of independent random intercepts and spatial effects in
each model component account for non-spatial and spatial heterogeneity, respectively.

The results for both fixed and random effects of this model are presented in
Table 4.2. Posterior prediction of the variance components showed that the spatial
heterogeneity surpassed the non-spatial one. The variance of υ2 was almost twice
that of θ, 2.05 (95%PI: 0.08 – 6.07) vs. 1.09 (95% PI: 0.34 – 2.05), while the variance
of υ1 was at least 3 times that of ϑ. However, the 95% predictive intervals for the
variances of spatial random effects were wider than their non-spatial equivalents,
and not bounded away from zero, which may lead to questioning their statistical
significance. The same can be said regarding the relevance of ϑ given the wider
95% prediction interval (0.01 – 1.42) relative to the variance posterior estimate of 0.26.
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(c) Posterior prediction of maternal deaths
based on the model
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(d) Histogram of observed maternal deaths

Figure 4.3: Maps and histograms of SpHZIP with non-spatial random effects and INTRIN-
SIC bivariate CAR prior for spatial effects (independent - independent). Maps of posterior
predictions of maternal mortality rate (a) and observed mortality rate (b). Histograms
of posterior predictive counts of maternal deaths based on the model (c) and of observed
maternal deaths (d).

Posterior means for the binomial component of the model, showed that only HF
location is strongly related with the propensity for facility-based maternal deaths.
The odds for reporting no maternal deaths was roughly 20 times higher when the
health facility was located outside the district capital (i.e, in rural areas) compared
to inside the district capital. On the other hand, the expected number of maternal
deaths in central hospitals is higher than in any other health facility type, being



4.4. Application to the NMNH survey 53

as much as 93% higher (95% PI: 88.3 – 96.6%) when compared to health center II.
Also, the availability of a waiting house reduced the expected number of maternal
deaths by 54% (95% PI: 32.2 – 69.9%), similar to availability of full time emergence
obstetric care (53%, 95%PI: 25.2 – 71.1%). Interestingly, the more medical doctors
a facility has the higher the average number of maternal deaths (as high as 3 times,
95%PI:1.19 – 8.41). This is to be expected, since a higher proportion of medical
doctors are located in central hospitals, usually in major cities.

Figure 4.3 presents the map for the predicted maternal mortality rate, calcu-
lated by aggregating the predicted counts (µ̂ij) and dividing it by the total number
of obstetric admissions from each district (× 100,000), for the spatial HZIP (indepen-
dent - independent) model in panel (a), alongside the observed maternal mortality
rate in panel (b) (repeated for comparison purposes). The maternal mortality rate
based on posterior predictions of the model showed a very similar spatial pattern
as observed with the crude mortality rate, though slightly smoothed as a result
of borrowing information from neighboring districts. Again, districts in the South
showed the highest mortality rate, followed by districts in the Center and lastly
the North. The district of Massingir in Gaza province (South) continues to show
the highest facility-based maternal mortality rate of 3843.5 (per 100 000 obstetric
admissions), about 19.1% lower then the observed rate.

In panels (c) and (d) of Figure 4.3 we compared the histograms of posterior
predictions (µ̂ij) and observed counts of facility-based maternal deaths, respectively.
Overall, the model fits the data quite well. Using this same approach for goodness-
of-fit check, a much better fit is obtained with models HZIP(correlated) and SpHZIP
(correlated) where histograms of observed and of posterior predictive counts of
facility-based maternal deaths were very similar. These maps and histograms are
presented in Figure C3 and C5, respectively (see Appendix C). Figures C1 and
C2 (see Appendix C) show, respectively, the posterior predictive distributions of
non-spatial and spatial random effects. Visually, there seems to be more variation
in the non-spatial random effects as presented in maps on panels (a) and (b). The
geographical distribution of non-spatial random effects is a mirror of the distribution
of the observed and the predicted mortality rate, where roughly the same set of
districts showed increased propensity for facility-based maternal deaths or increased
expected counts of maternal deaths as before. The distribution of spatial random
effects, however, shows huge clusters of effects structured by regions: South region
with highest effects, reducing as we move to the North. Recall that dark colors
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indicate districts with elevated propensity for facility-based maternal death or
increased expected counts of maternal deaths compared to an “average” or “typical”
district, i.e, when random effects=0, given the same set of covariates.

4.5 Discussion

In this chapter, we extended the ZIP and ZINB models used in Chapter 3 to
address the need for sharing information between neighboring areas when modeling
facility-based maternal mortality rate in Mozambique. Results showed that using
the bivariate intrinsic CAR specification for spatial random effects into zero-inflated
models that already accounts for correlated count data improved considerably the
fit, and this is more pronounced with the Poisson distribution. Although the best
model formulation allowed an estimation of both spatial and non-spatial within and
between-components correlation in a zero-inflated setting, more complex models need
not always be preferred, specially if similar fits can be accomplished with relatively
simpler models. This is the case in this application as was also in Silesh et al. (2009)
and Neyens et al. (2016).

An independence structure was imposed for the multivariate distribution of
spatial and non-spatial random effects but it is difficult to imagine a situation where
more complex structures could be necessary, as there may not be enough information
in the data to attribute to various sources of variability. For instance, we found
that there was no sufficient variability in the data to support spatial and non-spatial
between-component correlations. Also, with a high proportion of structural zeros in
the NMNH data (zeros from health center type II/III and health posts) the question
on whether to add random effects to the binomial component of the model is no
longer trivial and other statistical tools need to be considered in the verification
of adequacy of random effects (Agarwal et al., 2002, Verbeke and Molenberghs, 2010).

Maps were used to highlight areas with increased and reduced mortality rate
and, in general, such areas were located in South and North of Mozambique,
respectively. Because the non-spatial variation dominated the spatial, there was
not much smoothing in the maps of the maternal mortality rates, despite the
elevated spatial effect presented in the South and central regions of Mozambique.
Regional inequalities play an important role in explaining the inefficacies found in
the health system in Mozambique. Historically, the South region of Mozambique is
more developed than the other 2 regions, with many more urban areas and health
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facilities. Our intuition is that what these results show is not the need to increase
or strengthen the health system in the South region, but the historical inequality of
health care use between the regions in Mozambique. This is supported by the results
of the SpHZIP(correlated - correlated) model which showed that the expected counts
of maternal deaths for health facilities in the North region and located outside the
district capital is 93% lower compared to health facilities in the South located inside
the district capital. However, the expected counts for facilities in the central region
and outside the district capital is 27% higher compared to facilities in the South,
although overall, counts in the central region were expected to be aproximately 12%
lower than in the South.
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Table 4.2: Posterior mean (95%PI) for the best 4 models with and without spatial effects.

Effect HZIP (corr) SpHZIP(corr)1 SpHZIP(corr)2 SpHZIP(corr)3 SpHZIP(corr)4

Model for logit(πij)
Intercept -2.11(-3.29, -1.12) -2.17(-3.37, -1.13) -2.20(-3.62, -1.14) -2.37(-4.17, -0.24) -2.11(-3.29, -1.12)
Region (South)

North -2.78(-10.05,-0.29) -3.05(-12.45, -0.22) -2.45(-7.71, -0.27) -2.82(-11.83, 0.72) —
Central 1.27(0.29, 2.30) 1.32(0.21, 2.54) 1.29(0.26, 2.36) 0.98(-2.10, 2.99) —

Location (district capital)
Outside capital 2.68(1.75, 3.91) 2.73(1.70, 3.86) 2.76(1.76, 4.09) 3.13(2.01, 4.60) 3.04(2.03, 4.33)

Malaria cases (%) -3.16(-15.59, 2.40) -3.69(-5.02, 2.51) -2.89(-13.26, 2.84) -3.07(-16.59, 3.41) —
Model for log(νij)

Intercept -2.45(-3.19, -1.80) -2.79(-3.78, -1.86) -2.88(-3.52, -2.31) -2.64(-3.97, -1.20) -3.17(-3.70, -2.56)
Region (South)

North -1.03(-1.76,-0.33) -0.64(-1.66, 0.90) -0.79(-1.38, -0.18) -1.16(-3.44, 0.49) —
Central -0.42(-1.23, 0.47) 0.20(-0.87, 1.53) -0.32(-1.11, 0.35) -0.13(-1.53, 1.35) —

Facility type (Central hospital)
Provincial hospital -0.31(-0.48, -0.13) -0.33(-0.51, -0.15) -0.31(-0.48, -0.13) -0.30(-0.49, -0.12) -0.32(-0.52, -0.12)

Health center I -1.86(-2.15, -1.56) -1.87(-2.19, -1.58) -1.88(-2.18, -1.59) -1.86(-2.20, -1.57) -1.87(-2.24, -1.54)
Health center II/III/H.Post -2.59(-3.24, -1.94) -2.66(-3.40, -1.97) -2.79(-3.54, -2.11) -2.59(-3.26, -1.85) -2.78(-3.39, -2.15)

Rural hospital -1.49(-2.02, -0.90) -1.47(-2.01, -0.88) -1.61(-2.08, -1.17) -1.52(-2.11, -0.92) -1.33(-1.88, -0.79)
Location (district capital)

Outside capital 0.15(-0.49, 0.71) 0.17(-0.45, 0.89) 0.28(-0.28, 0.85) 0.20(-0.41, 0.88)
Waiting house (Not available)

Available -0.60(-1.10, -0.14) -0.67(-1.12, -0.20) -0.50(-0.94, -0.09) -0.56(-1.06, -0.06) -0.79(-1.20, -0.39)
Ratio of medical doctors 0.87(-0.15, 1.79) 0.81(-0.27, 1.82) 1.25(0.19, 2.39) 0.90(-0.19, 1.89) 1.12(0.17, 2.13)
Emergence obstetric care (None/partial time)

Full time -0.75(-1.30,-0.24) -0.78(-1.31,-0.34) -0.52(-1.00, 0.06) -0.70(-1.25, -0.12) -0.76(-1.24,-0.29)
Malaria cases(%) -0.69(-4.00, 2.22) -0.94(-4.10, 2.16) -0.91(-4.31, 2.08) -1.09(-4.49, 2.00) —
HIV cases(%) 1.60(-1.02, 4.85) 1.67(-1.29, 5.92) 2.06(-0.82, 5.94) 2.14(-0.89, 6.41) —
Proportion of referrals to -2.68(-3.30, -2.09) -2.67(-3.37, -2.00) -2.71(-3.38, -2.12) -2.73(-3.42, -2.09) -2.57(-3.13, -2.03)
Proportion of referrals from -3.93(-8.37, -0.96) -4.07(-9.02, -0.75) -4.31(-8.94, -0.98) -4.35(-9.12, -0.97) -3.62(-7.01, -0.87)
Region × Location

North×Outside capital -1.56(-2.44, -0.59) -1.50(-2.47, -0.47) -1.66(-2.55, -0.73) -1.61(-2.59, -0.68) —
Central×Outside capital 0.42(-0.21, 1.15) 0.41(-0.33, 1.11) 0.32(-0.30, 1.01) 0.37(-0.32, 1.07) —

σ2
θ 1.60(1.02, 2.43) 1.24(0.42, 2.15) 1.20(0.71, 1.86) 1.34(0.76, 2.29) 1.09(0.34, 2.05)
ρ 0.44(-0.28, 0.86) 0.44(-0.37, 0.87) 0.41(-0.32, 0.87) 0.55(-0.16, 0.91) —
σ2
ϑ 0.77(0.15, 2.40) 0.86(0.16, 2.50) 0.74(0.15, 2.19) 0.95(0.15, 3.12) 0.26(0.01, 1.42)
σ2
υ1 — — — 1.23(0.11, 4.56) 0.84(0.01, 3.95)
συ12 — — — -0.54(-1.88, 0.11) —
σ2
υ2 — 0.79(0.04, 3.07) 0.31(0.00, 2.43) 0.53(0.04, 1.64) 2.05(0.08, 6.07)
ψ — — -0.10(-0.74, 0.97) — —
1: with Intrinsic CAR assumption
2: with Proper CAR assumption
3: with Intrinsic bivariate CAR assumption (correlated-correlated)
4: with Intrinsic bivariate CAR assumption (independent - independent)



Chapter 5
Joint analysis of time to
treatment and time to death

This chapter focuses on the use of mixture models in the context of analysis of event
time. The models are applied to the joint distribution of time to treatment and time
to death. Specifically, we define a ZIG model for the distribution of time to treatment
assuming different probabilities for each mixing process. We show an application of
this model to the NMNH data to compare the event times between subjects diagnosed
with obstetric complications, i.e., directly linked to pregnancy (such as hemorrhages,
eclampsias, sepsis, etc) and with indirect complications (malaria, HIV/AIDS, etc),
while adjusting for facility resources, patient and referral related factors.

5.1 Introduction

In the analysis of event time (or survival time) usually the data presents some form
of incompleteness, censoring being the common type, and the classical analysis
methods are based on the assumption that the event time is independent of the
censoring process. Dependence can occur if, for instance, event time is constrained
by a terminal event such as death. Consider for example the case of access of quality
emergency obstetric care in Mozambique for which data is available in the NMNH
survey (Section 2.1.2). The event time of interest is the time when pregnant women
receive an intervention or life saving treatment (by any medical staff) since admission
with a complication to an health facility. Death either before or after the intervention
is a competing risk that these women face within the health facility and time to
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Figure 5.1: Illustration of censoring settings observed in the data. Filled circle indicates
that admission time is observed, unfilled circles for unknown admission time, T for observed
time of treatment, X for unobserved time of treatment and D for time of death. There were
n=4 subjects for pattern in 1, n= 54 for pattern in 2, n=26 for pattern in 3 and n=473 for
pattern in 4, out of 557 women.

treatment will be “informatively” right censored if death occurs before the patient
receive treatment.

Figure 5.1 illustrates the types of censoring that are available in this dataset.
T indicates that time to treatment is observed and X otherwise (though it is
known to had received treatment after admission). Hence, subject 1 represents a
typical case of interval censoring where the exact failure time is only known to
have happened between the admission and death time D. Subject 2 represents
a case of left censoring time (unknown admission time) while subject 3 is a case
representing right censoring in time D (died before receiving a treatment). Subject 4
illustrates a case with complete information on event time, i.e., no censoring occurred.

There have been several ways proposed to incorporate informative censoring
on survival analysis, with marginal models being suggested if one is interested only
on estimating parameters related to the time to treatment and the informative
censoring regarded as a “nuisance” process (Bălan, 2013). Fisher and Kanarek (1974)
used a model in which the effect of informative censoring is determined by a scale
parameter that stretches or contracts the survival time. Siannis (2004) and Siannis
et al. (2005) applies a parametric survival model in which the dependence between
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the event time and censoring process is expressed through a parameter δ and a
general bias function. The model is derived aiming at providing a sensitivity analysis
for the presence of informative censoring, since estimating the dependence between
the event time and censoring mechanism was not possible. Multi-state models
have also been suggested to incorporate informative censoring as one state (An-
dersen et al. 1991; Andersen 1998), as well as extensions of frailty models (Xue, 1998).

Tanaka and Rao (2005) proposed a model that treats informative censoring as
a type of risk in a competing risk setup. Their model is applied to right censored
observations of survival times, in which subjects experience 2 types of events, and
the hazard function of the second event time is given conditionally on the first event
time. This approach is intuitive to our case, given that in one hand time to treatment
is subject to time to death since it censors the time to treatment (high risk patients
may die prior to treatment), and on the other hand time to death may be affected
by time to treatment if for instance longer time to treatment lead to shorter time to
death.
Also, the idea of using joint models of two event time has several advantages,
namely, it gives a general description of the data, corrects for bias due to informative
censoring and improves efficiency in modeling due to the use of auxiliary information
(Rondeau et al., 2011). Examples of such models can be found in Rondeau et al.
(2007) and Rondeau et al. (2015) with joint models for recurrent events and terminal
event, assuming conditional independence of the two event times given a frailty or
unobserved covariates.

We will start our methodological approach by focusing on the setting repre-
sented by subject 4, which accounts for about 85% of the data. For this subset,
about 70% of patients received treatment within the first minutes after admission to
an health facility yielding a right skewed nonnegative distribution with a point mass
at zero, also known as semi-continuous data (Min and Agresti, 2002). Models for
semi-continuous data have been well studied (Mills, 2013, Min and Agresti, 2002),
with the zero-inflated gamma (ZIG) and zero-inflated lognormal (ZILN) models as
the most popular choices. We proposed to jointly model time to treatment and time
to death. Specifically, we define a two-part model for the joint distribution of T and
D, fT,D(t, d), one for the process in which T = 0 and another for T > 0 assuming
different probabilities for each mixing processes, while ensuring that D > T .
We show an application of this model to the NMNH data to compare the event times
between subjects diagnosed with obstetric complications directly linked to pregnancy
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(such as hemorrhages, eclampsias, sepsis, etc) and those with non-obstetric com-
plications (malaria, HIV/AIDS, etc), while adjusting for facility resources, patient
and referral related factors. In Mozambique, around 55% of maternal deaths occur
within the health facilities and several aspects have been identified that affects
their readiness to deal adequately with obstetric emergencies, namely drugs and
equipment, policy and guidelines, human resources, facility infrastructure, patient
and referral related factors (Chavane et. al., [to appear]).

The rest of this chapter is organized as follows: in Section 5.2 we introduce
the joint model and its extension for hierarchical data structures; in Section 5.3 we
show an application of this model for the NMNH data, and discuss the results in
Section 5.4.

5.2 Joint model for time to treatment and time to death

Let Tij and Dij , be the time to treatment and time to death since admission for the
j-th subject (j = 1, 2, . . . , ni) in the i-th health center (i = 1, 2, . . . , N), and assume
that Tij and Dij are marginally distributed accordingly to a nonnegative distribution
with shape parameters p and q, and scale parameters αT and αD,

Tij ∼ fT (tij ; p, αTij),

and
Dij ∼ fD(dij ; q, αDij),

respectively.

Let us consider first the case when the distribution of Tij is a degenerated gamma
with point mass at 0. In such cases, Tij will be assumed to follow a zero-inflated
gamma (ZIG) distribution as given in (5.1), and fgamma(dij |tij = 0; q−1

1 , αD1ij) and
fgamma(dij |tij > 0; q−1

2 , αD2ij) are two gamma probability density function (pdf) for
Dij when Tij = 0 and Tij > 0, respectively, with shape parameters q−1

1 , q−1
2 and

scale αD1ij , αD2ij :

fT (tij ; p−1, αTij , πij) = (1− πij)I(tij = 0) + πijfgamma(tij |tij > 0; p−1, αTij) (5.1)

for I(t = 0) = 1 if Tij = 0 and I(tij = 0) = 0 for Tij > 0, πij = Pr(Tij > 0) and

fgamma(tij |tij > 0; p−1, αTij) = αTij
Γ(p){αTijtij}

p−1 exp(−αTijtij). (5.2)
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As Dij > Tij , we have that

fD(dij |tij > 0; q−1
2 , αD2ij) =

{
0, if dij ≤ tij
fgamma(dij − tij |tij > 0; q−1

2 , αD2ij), if dij > tij
,

(5.3)
and the joint pdf of Tij and Dij given as fT,D(tij , dij ;Θ):{

(1− πij)I(tij = 0)fgamma(dij |tij = 0; q−1
1 , αD1ij), for tij = 0, dij > tij

πijfgamma(tij |p−1, αTij)fgamma(dij − tij |tij > 0; q−1
2 , αD2ij), for tij > 0, dij > tij

(5.4)
where Θ = (p−1, q−1

1 , q−1
2 , αTij , αD1ij , αD2ij , πij) is the set of parameters. A two-part

model provides an appropriate framework to implement the distribution (5.4) with

log(µTij) = x1ijβ1

log(µD1ij |tij = 0) = x2ijβ2

log(µD2ij |tij > 0) = log(exp(x3ijβ3 + φtij) + tij)
logit(πij) = x4ijβ4

, (5.5)

where αTij = p/µTij , αD1ij = q1/µD1ij and αD2ij = q2/µD1ij , with µTij , µD1ij and
µD2ij denoting the conditional means of Tij , Dij |tij = 0 and Dij |tij > 0 respectively.
The β1 = (β01, β11, . . . , βm1)′, β2 = (β02, β12, . . . , βm2)′, β3 = (β03, β13, . . . , βm3)′

and β4 = (β04, β14, . . . , βm4)′ are four m×1 vectors of parameters effects of covariates
matrices x1ij , x2ij , x3ij and x4ij accordingly. The parameter φ relates time to
treatment Tij to the conditional distribution of Dij when tij > 0. If φ < 0 or
φ > 0 then the expected mean of Dij |tij > 0 reduce or increase by exp(φ) with unit
increase in time to treatment, respectively, controlling for other covariates. If φ = 0
then there is no association between time to treatment and time to death, given
that tij > 0. Estimates of exp(β)’s are also interpreted as in the classical generalized
linear mixed models framework (Dean and Nielsen, 2007), where they represent a
multiplicative reduction or increase in the conditional mean of the outcomes with a
unit increase in the covariates.

Similarly, we shall redefine distribution (5.1) in terms of a zero-inflated lognor-
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mal model as follows:

fT (tij ;σ2, µTij , πij) = (1− πij)I(tij = 0) + πij
1

tij
√

2πσ2
exp

(
− (log tij − µTij)2

2σ2

)
(5.6)

with σ2 equivalent to log(p−1 + 1). Again, letting Dij be distributed as in (5.3) we
can rewrite the joint distribution (5.4) by replacing fgamma(tij |p−1, αTij) with the
lognormal density for Tij

fLN (tij ;σ2, µTij) = 1
tij
√

2πσ2
exp

(
− (log tij − µTij)2

2σ2

)
Model (5.5) will be referred to as the Joint ZIG (JZIG) model when used in
conjunction with the distribution (5.4), or by Joint ZILN-Gamma (JZILNG) when
the zero-inflated lognormal density (5.6) is used for Tij .

Assuming that conditional independence of measurements of time to treatment
and of time to death within the i-th health facility holds, given a set of identically
and independently distributed random intercepts bi, the following extension of model
(5.5) is introduced

log(µTij) = x1ijβ1 + b1i

log(µD1ij |tij = 0) = x2ijβ2 + b2i

log(µD2ij |tij > 0) = log(exp(x3ijβ3 + φtij + ςb2i) + tij)
logit(πij) = x4ijβ4 + b3i

(5.7)

with

bi =


b1

b2

b3

 ∼ N3
(
0,Σb

)
, Σb =


σ2
b1

0 0
0 σ2

b2
0

0 0 σ2
b3

,

and ς the scaling parameter for the shared random effect b2. The bis accounts for the
heterogeneity in the data associated with unobserved covariates at the health facility
level. Model (5.7) will be referred to as the Hierarchical Joint ZIG (HJZIG) model
when in conjunction with (5.4), or by Hierarchical Joint ZILN-Gamma (HJZILNG)
when the zero-inflated lognormal density (5.6) is used for Tij . We used a shared
parametrization for the conditional mean of time Dij in (5.7), so that the effect of
b2i in µD2ij |tij > 0 and in µD1ij |tij = 0 differs only due to ς. For this model, one
should interpret the value of ς only if σ2

b2
6= 0. If ς = 0 then the observed covariates
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are sufficient to explain the dependence between Tij and Dij in µD2ij |tij > 0, while
if all variance components are equal to zero, i.e., σ2

b1
= σ2

b2
= σ2

b3
= 0 then there is no

evidences of a health facility clustering effect.
The log likelihood is derived from

`(Θ,σ) =
N∑
i

log
∫
bi

 ni∏
j

fT,D(tij , dij |bi; Θ)

 f(bi;σ)dbi

 , (5.8)

where Θ = (p−1, q−1
1 , q−1

2 ,β1,β2,β3,β4, φ, ς) and σ = (σ2
b1
, σ2
b2
, σ2
b3

) are two sets
of parameters related to the joint density fT,D(tij , dij) and the random effects vari-
ance components, respectively. Since model (5.7) assumed conditional independence
of measurements of time Tij and of Dij , the log likelihood can be factorized into
one part with parameters related to πij , and another containing parameters asso-
ciated with the distribution of Tij and of Dij . The full derivation of the joint log
likelihood for HJZIG model is presented in Appendix D. The maximization of (5.8)
can be performed via a Newton-Raphson algorithm for each part. We implemented
this in SAS/STAT PROC NLMIXED version (9.4) and the following section presents the
application to data on NMNH survey. SAS codes are available in Appendix D.

5.3 Application to the NMNH survey

The dataset on cases of maternal deaths (see Section 2.1.2) consists of a sample
of 712 women from 93 health facilities. The difference between time of admission
and death showed that most of the deaths occurred in a short period of time after
admission in the hospital. About 29.7% deaths occurred between 1 to 12 hours after
admission and roughly 55.9% in the first 24 hours.

Table 5.1: Summary statistics for time to treatment(T ) and time to death(D), in hours.

Type of complication
Obstetric Non-obstetric Total

n 341 (94.46%) 132 (95.65%) 473 (94.79%)
mean time T (sd) 2.72 (5.54) 2.92 (5.47) 2.77 (5.52)
mean time D (sd) 105.35 (257.60) 136.95 (325.74) 114.17 (278.30)

For this application we used a subset of 473 out of 712(∼66.0%) women that
had a complication before the admission time. Table 5.1 presents a summary of the
event times by type of complication. The average time for treatment for uncensored
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cases was 2.77 hours and there seems to be no difference between those whose
with an obstetric complication and those with a non-obstetric one (2.72 vs. 2.92,
respectively). Time to treatment was equal to zero in 69.9% of cases, with about
73% for the obstetric complication group and 27% for the non-obstetric group.
The histogram in Figure 5.2 (panel (a)) illustrates the zero-inflation on the time to
treatment distribution. On the other hand, time to death in the non-obstetric group
seems to be on average greater than for the obstetric group (∼137h vs ∼105h). The
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Figure 5.2: Histogram of time to treatment since admission to health facility, from the
NMNH survey. In panel (a) the distribution with the zero-inflation component and in panel
(b) the zero-truncated distribution.

scatter plot in Figure 5.3 for time to death and time to treatment shows the relative
longer survival time when patients received early treatment and that survival time
tends to be shorter for increased time to treatmet. It also shows the similarities
between the obstetric and non-obstetric groups and the increased skewness around 0
of the distribution of time to treatment. Table 5.2 presents a summary of available
covariates information. The average age in the sample was 25.8 years with 50.7%
in the age group of 20-29 years. The majority were assisted in provincial or general
hospitals (54.76%), with the three regional central hospitals having admitted 34.25%
of cases and the least equipped or specialized health centers type I/II/III or health
posts having only 10.99%. About 60% came referred from other health facility, and
medical staff to perform emergence obstetric care or surgical interventions was not
available in 69.34% of cases. Most of these women died after childbirth (53.9%) while
9.7% and 36.4% died during childbirth and pregnancy, respectively. We applied the
proposed joint models to compare the event times between patients diagnosed with
complications directly linked to pregnancy (obstetric complications) and indirect
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Table 5.2: Summary of related patient’s characteristics.

n (%)
Type of health facility

Central hospitals (reference) 162 (34.25%)
Provincial/General hospitals 259 (54.76%)

Centers type I/II/III 52 (10.99)
Age

<25 years (reference) 207 (43.76%)
≥25 years 234 (49.47%)

missing data 32 (6.77%)
Referred

No (reference) 184 (38.90%)
Yes 284 (60.04%)

missing data 5 (1.06%)
Staff available for EmOC

No (reference) 328 (69.34%)
Yes 72 (15.22%)

missing data 73 (15.44%)

pregnancy complication (non-obstetric) while adjusting for facility resources, patient
and referral related factors. Available covariates included type of health facility, age,
indicator for whether patient was referred, and indicator for medical staff availability
for EmOC. In the starting model (5.5), all covariates and relevant interactions
were included. This model was further simplified by removing some non-significant
coefficients to avoid unreliable estimated parameters’ covariance matrix as some
parameters were linearly related to other parameters. The resulting model was given
as follows

log(µTij) = β01 + β11ctypeij + β21I(hftype=2)ij + β31I(hftype=3)ij + β41referredij
+β51staffij + β61staffij × I(hftype=2)ij ,

log(µD1ij |tij = 0) = β02 + β12ctypeij + β22I(hftype=2)ij + β32I(hftype=3)ij + β42ageij
+β52ctypeij × I(hftype=2)ij ,

log(µD2ij |tij > 0) = log(exp(β03 + β13ctypeij + β23I(hftype=2)ij + β33I(hftype=3)ij
+β43referredij + β53staffij + β63referredij × I(hftype=2)ij + φtij

+β73staffij × tij) + tij),
logit(πij) = β04 + β14ctypeij + β24I(hftype=2)ij + β34I(hftype=3)ij + β44staffij

+β54ctypeij × I(hftype=2)ij + β64staffij × I(hftype=2)ij ,
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Figure 5.3: Scatter and stacked histogram of time to treatment and time to death by type
of complication. Type of complication: 1=obstetric and 2=non-obstetric.

where

• ctype: type of complication, 0=obstetric (ref) and 1=non-obstetric;

• hftype: health facility type, 1=central hospitals (ref), 2=provin-
cial+general+rural hospitals (hospitals) and 3= health centers type
I+II+III+health posts (centers);

• age: patient’s age categories, 0 if age >25 (ref) and 1 if age ≤25;

• referred: whether patient was referred, 0=no (ref) and 1=yes;

• staff : availability at HF of staff necessary for emergency obstetric care or sur-
gical intervention, 0= no (ref) and 1=yes.
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Model fit comparison for this model and related extensions (5.7) are presented in
Table 5.3. Both AIC and BIC statistics show that the lognormal extension provides
a better fit than the gamma, with the HJZILNG ranked as the best. Moreover,
both the HJZILNG and HJZIG could be further simplified by reducing the variance
component elements ς and σ2

b1i
, since ς = 0 with p-value=0.9852 (for HJZIG

p-value=0.9736) and σ2
b1i

= 0 with p-value=0.50 from a likelihood ratio test with
null distribution χ2

0,1.

Table 5.3: Model fit comparison for the mixture model (5.7) and its extensions.

Distribution Model # Par -2ll AIC Rank BIC Rank
Gamma JZIG 32 5303.3 5367.3 4 5497.4 4

HJZIG 36 5266.2 5338.2 3 5406.3 3
Lognormal JZILNG 32 4736.1 4800.1 2 4926.3 2

HJZILNG 36 4699.0 4771.0 1 4839.1 1
The column ‘-2ll’ shows the values of -2×log-likelihood;
‘# Par’ the number of parameters in the model;
’AIC’ and ’BIC’ the AIC and BIC values respectively;
The columns ‘Rank’ refers to the ranking of the models according to the
AIC and the BIC criterions.

Results of both simplified models are displayed in Table 5.4 (see Tables D1
and D2 in Appendix D for the remaining models). In general, estimates of β are
comparable for both models, with the noticeable difference of large standard errors
in the model component for Dij |tij>0 of the HJZILNG model. For this model, and
conditional on the random effect, the odds of a positive time to treatment (Tij > 0)
were about exp(2.1265) ≈ 8.4 times significantly higher (p-value<0.0001) when
medical staff for EmOC was available as opposed to when not available, for patients
admitted with obstetric complication in central hospitals. The expected time to
treatment was exp(−0.3412) ≈ 0.71 times lower in provincial or general hospitals
compared to central hospitals, when medical staff was not available for EmOC, but
was significantly higher by 55% [exp(−0.3412 + 0.7822) ≈ 1.55] when medical staff
was available. Patients that were referred to other health facilities had an expected
time to treatment exp(−0.1339) ≈ 0.87 times lower than that of those which were
not referred, and when medical staff for EmOC was available the expected time to
treatment reduced by 55% [exp(−0.8011) ≈ 0.45] for patients admitted to central
hospitals, but roughly 2% [exp(−0.8011 + 0.7822) ≈ 0.98] lower when admitted to
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a provincial or general hospitals. Regarding the conditional mean of time to death
when tij = 0, patients with non-obstetric complications had an high expected time
to death compared to obstetric ones, by 50% [exp(0.4065) ≈ 1.50]. Similarly, the
expected time to death when tij > 0 for patients with non-obstetric complication was
63% (exp(0.4857) ≈ 1.63) higher compared to patients with obstetric complication,
although this association was only significant in the HJZIG model. Interestingly, in
the model HJZIG the expected time to death was significantly higher in provincial
hospitals than in central hospitals, by 62%, but reduced by 55% when medical staff
was available. In fact, the expected time to death when medical staff was available
was [exp(2.05836) ≈ 7.83] times higher than when not available, and this time
reduced by 7.3% [(exp(−0.07538) ≈ 0.927)] with a unit increase in time to treatment.

The parameter φ describing the association between time to death and time
to treatment was found to be not significant in both models, yet the effect of time to
treatment on time to death is borderline significant when interacting with availability
of medical staff for EmOC in model HJZIG.
In Figure D1 (see Appendix D) we plot the histograms and fitted density functions
for time to treatment and time to death when no covariates are included in model
(5.5). These plots show that the choice of the form for the joint probability density
function seems not to be of major concern, even though the predictions from models
(5.5) and (5.7) when covariates were included showed that a lot of variability in the
data remained unexplained, as displayed in Figures D2, D3 and D4 (see Appendix
D).

5.4 Discussion

In this chapter we proposed a joint modelling framework to study the association of
time to treatment and time to death of pregnant women within health facilities. In a
resource limited health facility, death is a competing risk for every pregnant women
admitted to care with or without a pregnancy related complication. Our approach
combines models for competing risk and mixture models, and it is comprised of a
two-part generalized linear mixed model for time to treatment and for time to death
(conditional on time to treatment). This model formulation is flexible enough to
incorporate the semi-continuous time to treatment (when observed) and its relation
with time to death, and any unobserved heterogeneity at health facility level. We
have applied this model to a dataset in which all patients experienced both event
times, making it more straightforward to implement in standard statistical software
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compared to other models in the competing risk context, such as those in Rondeau
et al. (2007) and Tanaka and Rao (2005).

Although the semi-continuous nature of time to treatment will largely depend
on the time scale used, one could expected that complicated cases are immediately
assisted once inside any health facility. Here, we started our approach to the
semi-continuous feature by assuming a ZIG distribution for time to treatment and a
gamma density for time to death. ZIG model is recommended only when it is clear
that the data are truly distributed as gamma. Otherwise, as shown in this chapter,
a log-normal density provided a better alternative. However, the results showed that
a lot of variability in the data remained unexplained, for both models. Nevertheless,
our application to the NMNH data showed that the distribution on nonzero values
of time to treatment was significantly affected by the quality of infrastructure and
of human resources available, and the structural functioning of the referral system,
common risk factors in developing countries (Cham et al., 2005, Kongnyuy et al.,
2009, Knight et al., 2013).

The expected time to death, conditional on early or late treatment time, was
consistently lower for patients with direct obstetric complication. Obstetric compli-
cation are the main cause of facility-based maternal mortality in many developing
countries (Pacagnella et al., 2007, Kongnyuy et al., 2009). We did find, with the
HJZIG, a significant association between time to treatment and time to death
conditional on existence of medical staff to perform EmOC, with a decreasing
expected time to death for an hour increase in time to treatment when medical
staff were available, in central hospitals. This result implies that in well resourced
or equipped health facilities the expected survival time of patients is shorten by an
increase in waiting time to received treatment. This is in line with results of other
studies which investigated the association between delays and severe pregnancy
outcomes, particularly maternal death (Pacagnella et al., 2007, Filippi et al., 2009).
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Table 5.4: Parameter estimates for HJZIG and HJZILNG models.

HJZIG reduced modela,b HJZILNG reduced modela,b
Estimate s.e. Estimate s.e.

Model for time Tij
p−1 1.1449 0.1382 ∗∗∗

σ2 1.1023 0.1493 ∗∗∗

intercept 2.8473 0.3586 ∗∗∗ 0.8175 0.2024 ∗∗∗

ctype(non-obstetric) -0.07857 0.2149 0.08635 0.1484
hftype(hospitals) -0.5523 0.2911 ∗ -0.3412 0.1742 ∗

hftype(centers) 0.7270 0.6205 0.7271 0.4981
referred(yes) -0.4038 0.2248 ∗ -0.1339 0.1578
staff(yes) -1.1184 0.4203 ∗∗∗ -0.8011 0.3853 ∗∗

staff(yes)×hftype(hospitals) 1.2254 0.5137 ∗∗ 0.7822 0.4248 ∗

Model for time Dij |tij=0
q−1
1 0.8337 0.06450 ∗∗∗ 0.8333 0.06445 ∗∗∗

intercept 4.2886 0.3873 ∗∗∗ 4.2760 0.3880 ∗∗∗

ctype(non-obstetric) 0.4066 0.2159 ∗ 0.4065 0.2158 ∗

hftype(hospitals) 0.2736 0.4144 0.2844 0.4147
hftype(centers) -1.0020 0.5619 ∗ -0.9902 0.5628 ∗

age -0.2415 0.1518 -0.2406 0.1518
ctype(non-obstetric)×hftype(hospitals) -0.5503 0.3314 -0.5482 0.3315

Model for time Dij |tij>0
q−1
2 0.9140 0.1081 ∗∗∗ 0.1669 0.01720 ∗∗∗

intercept 2.7667 0.4830 ∗∗∗ 3.5164 1.2323 ∗∗∗

ctype(non-obstetric) 0.5950 0.2617 ∗∗ 0.4857 0.6122
hftype(hospitals) 1.0422 0.3810 ∗∗∗ 0.4811 0.9749
hftype(centers) -0.03123 0.9062 0.09628 2.1026
referred(yes) 0.5065 0.2759 ∗ 0.2904 0.6549
staff(yes) 2.05803 0.5309 ∗∗∗ 1.2213 1.2534
staff(yes)×hftype(hospitals) -1.8444 0.5797 ∗∗∗ -0.8264 1.3835
tij 0.02880 0.01868 0.02060 0.04367
staff(yes)×tij -0.07538 0.03934 ∗ -0.06946 0.09308

Model for πij
intercept -1.7226 0.4828 ∗∗∗ -1.7164 0.4831 ∗∗∗

ctype(non-obstetric) -0.6377 0.6492 -0.6043 0.6498
hftype(hospitals) 0.8838 0.5361 0.8813 0.5359
hftype(centers) -1.5420 0.9786 -1.7507 0.9858 ∗

staff(yes) 1.9180 0.6403 ∗∗∗ 2.1265 0.6517 ∗∗∗

staff(yes)×hftype(hospitals) 1.1678 0.7309 1.1259 0.7313
ctype(non-obstetric)×hftype(hospitals) -1.2230 0.7559 -1.4659 0.7645 ∗

Variance components
σ2
b2i

0.3454 0.1361 ∗∗∗ 0.3467 0.1366 ∗∗∗

σ2
b3i

0.3619 0.2231 ∗∗∗ 0.3539 0.2224 ∗∗∗

Goodness-of-fit statistics
# parameters 34 34
-2ll 5266.2 4699.8
AIC 5334.2 4767.8
BIC 5398.5 4832.1
a: Inference for the variance of random intercepts using a likelihood ratio test with null distribution χ2

0,1.
b: Models with a reduced variance components, ς = 0 and σ2

b1i
= 0.

* p-value< 0.1.
** p-value< 0.05.
*** p-value< 0.01.



Chapter 6
Joint models for mixed
categorical outcomes

Two types of bivariate models for categorical response variables are introduced to
deal with special categories such as “unsure” or “unknown” in combination with other
ordinal categories, while taking additional hierarchical data structures into account.
The latter is achieved by the use of different covariance structures for a trivariate
random effect. The models are applied to data from the INSIDA survey, where
interest goes to the effect of covariates on the association between HIV risk perception
(quadrinomial with an “unknown risk” category) and HIV infection status (binary).
The final model combines continuation-ratio with cumulative link logits for the risk
perception, together with partly correlated and partly shared trivariate random effects
for the household level. The results indicate that only age has a significant effect on
the association between HIV risk perception and infection status. The proposed
models may be useful in various fields of application such as social and biomedical
sciences, epidemiology and public health.

6.1 Introduction

There are many settings where a combination of binary, ordinal and even continuous
response variables occurs, and often a joint analysis of the responses offers more
insights than separate analyses. Consider our motivational case where perception
of risk for HIV infection (no,low,high, do not know) and HIV test status (positive,
negative) are recorded for each individual in a household. These outcomes play an

71
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important role in the “health belief” model which emphasizes that an individual
empowered with health information is more likely to comply with preventive or
curative behaviours (Boslaugh, 2014). Self-perceived HIV risk is considered an
integral component in motivating avoidance of HIV risk, and the congruency between
self-perception of HIV risk and reported risk-taking behaviours might be especially
important in the likelihood to engage in self-protective behaviours, such as condom
use and uptake of HIV testing (Pringle et al., 2013). On the other hand, there is
evidence that people who are aware of their HIV status can adopt practices to reduce
HIV transmission and to access effective treatment (Kirakoya-Samadoulougou et al.,
2013).

While the association between perception of risk for HIV and disease status,
and HIV related risk behaviours is well documented (Akwara et al., 2003, Fishel
et al., 2011, Prata et al., 2006, Røttingen et al., 2001, Tenkorang et al., 2011), it
seems that this relation is complex and yet inconclusive. Koh and Yong showed that
for individuals with risky sexual behaviour there is a positive association between
perception of risk and HIV status, i.e., the higher the perceived risk the higher the
odds of a positive HIV status. However, another study reported a negative association
such that risky groups tend to perceive no or low risk of HIV infection in contexts
where the disease prevalence is high (Martins-Fonteyn et al., 2015, Nunn et al., 2011).

The National Survey of Prevalence, Risk Behavioural and Information about
HIV and AIDS of 2009 in Mozambique, introduced in Section 2.2, allow us to study
the joint distribution of the perception of risk for HIV infection and the HIV infection
status as a function of several covariates on the individual level (such as age, gender,
etc) as well as on the household level (such as household size, etc). Statistical models
that jointly analyze perception of risk and HIV status provide more insights into
the association between perception and HIV status and can be used, e.g. to test
whether the association is homogeneous across the ordinal scale of perception, while
accounting for the characteristics at the individual and at the household level. These
models should reflect particular features of perception and disease status, such as
that both are categorical and that perception of risk is typically a semi-ordinal
variable, measured on a scale that usually contains a “do not know” or “unsure” risk
category, next to an ordinal scale such as no, low, moderate and high risk, while
disease status is a dichotomous variable.

Dale (1986) introduced a bivariate logistic model that uses the bivariate Plackett
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distribution to specify the joint distribution with global cross-product ratios as
marginal association measures. A global cross-product ratio measure results from a
cumulative link function and is useful when variables are ordered. Molenbergs and
Lesaffre (1999) extended the Dale model to multivariate ordinal outcomes using a
multivariate Plackett distribution. Glonek and McCullagh (1995) provided a general
definition of the class of regression models relating the joint distribution of categorical
responses to predictors based on the multivariate logistic transform introduced by
McCullagh and Nelder (1989). This multivariate logistic transform is a reparameter-
isation of cell probabilities in terms of marginal logistic contrasts. An arbitrary set
of logistic contrasts may however not correspond to a valid joint distribution. For
that reason, Qaqish and Ivanova (2006) presented an efficient algorithm for detecting
whether or not the inverse transform exists, and for computing it if it does.

McMillan and Hanson (2005) presented a SAS macro that fits a bivariate Dale
model when the second variable is meaningless if the first variable equals a special
value (e.g. one cannot specify the number of drinks per drinking occasion if one
never has any drinking occasions). The approach used by McMillan and Hanson
(2005) consists of two parts: one with a dichotomous outcome (e.g.: drinking yes/no
) and a second part, conditional on the dichotomous outcome to be positive, where
both outcomes are ordinal (frequency and quantity of drinking). In our setting,
as explained further, the first variable can also take a special value “unsure” or
“unknown” and if “known”, it is of an ordinal nature, turning it into a semi-ordinal
type. But the second variable is meaningful, regardless of whether the first one is
known or not.

Here we consider two particular multivariate logit transforms defining regres-
sion models for the joint distribution of the perception of HIV risk (semi-ordinal)
and the HIV infection status (binary). They differ in their construction of the
ordinal part of the risk perception variable following a continuation-ratio logits or
a cumulative logits model, and the corresponding odds ratios when cross-tabulating
risk perception with infection status. The continuation-ratio logit model is best
suited when each category of the response variable is of intrinsic interest and when
they are seen as levels of achievement that can only be entered if the previous was
achieved (Ananth and Kleinbaum, 1997, Colombi and Forcina, 2001). Probabilities
such as “unknown” vs “known” risk, and conditional probabilities “no risk” vs “some
risk” (if “known” risk), and “low risk” vs “high risk” (if “some risk”), can be modelled
by a continuation-ratio logit model without any need for a two-part analysis to deal
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with the special “unknown” category. In a similar way a cumulative logits approach
for the ordinal categories no, low, high risk following the first contrast “unknown”
vs “known” risk is a very natural alternative modelling strategy, reflecting the
discretization of a latent continuous risk perception variable.

Another intrinsic feature of the INSIDA data is its hierarchical nature with
households as natural clusters resulting in correlated data for respondents from
the same household. A typical strategy to account for this hierarchical structure
in a multivariate setting is the use of multivariate random effects (Fieuws et al.,
2007, Goldstein et al., 2009, Rabe-Hesketh and Skrondal, 2001). We will extend our
bivariate marginal model for HIV risk perception and infection status with different
multivariate structures for the random effects distribution, including independent,
shared and correlated random effects.

Relevant information on the INSIDA survey is summarized in the following
section. The marginal model for the joint distribution of HIV risk perception and
infection status is formulated in Section 6.3 while its extension with household
specific random effects is described in Section 6.4. Section 6.5 summarizes and
discusses the results of the application of the different models to the INSIDA data.
The chapter ends with a final discussion in Section 6.6.

6.2 The data

Complete data on HIV risk perception and infection status were available for all
members in 730 households; for 83 households all members had data on one response
variable, and 4760 households had at least one member lacking the value for both
response variables. Table 6.1 lists the variables of interest with some basic descriptive
information. Perception of risk of contracting HIV was a general HIV risk assessment
based on the question: “Do you think your chances of getting AIDS are small, mod-
erate, great, or no risk at all?”. Possible answers were: “none”, “small”, “moderate”,
“great”, “HIV+” and “do not know”. Participants who responded “HIV+” (1.1%)
where excluded, since they were no longer at risk of HIV infection. The categories
“do not know”, “none” and “small” were relabeled as “unknown”, “no” and “low”
respectively. When missing data and covariates are taken into account, the resulting
multidimensional contingency table with all 5 categories for perception of risk had
about 20% cells (out of 960) with 0 frequency for moderate risk, while the other risk
categories had less than 8% cells with 0 frequency. This led to separation and thus
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Table 6.1: Variable definition and summary statistics for the INSIDA survey. N is the
number of households, ni the number of eligible members of household i.

Subset∗∗

Response variables (all at the individual level)
∑N

i=1 ni = 10548 %
∑N

i=1 ni = 7944 %
HIV infection status

HIV- (reference) 8396 79.6 6950 87.5
HIV+ 1302 12.3 994 12.5
Missing 850 8.1 - -

Perception of risk for HIV
Unknown risk 3005 28.5 2281 28.7
No risk 3200 30.3 2335 29.4
Low risk 2145 20.3 1777 22.4
High risk 1942 8.4 1551 19.5
HIV+ 111 1.1 - -
Missing 145 1.4 - -

Explanatory variables (partly at the individual and partly at the household level)
Individual level

∑N

i=1 ni = 10548 %
∑N

i=1 ni = 7944 %
Condom use (last 3 sexual intercourses)

Consistent use 1012 9.6 872 11.0
Inconsitent use 8103 76.8 7072 89.0
Missing 1433 13.6 - -

Number of sexual partners (last 12 months)
≤ 1 9394 89.1 6926 87.2
≥ 2 1150 10.9 1018 12.8
Missing 4 0.0 - -

Sexual transmitted diseases (last 12 months)
No 9791 92.8 7636 96.1
Yes 372 3.5 308 3.9
Missing 385 3.7 - -

Risky sexual behaviour (RSB) Scale: Min=0 (no) and Max=3 (high) 1.05∗ - 1.05∗ -
Age groups (years)

15–24 (reference) 3139 29.8 2515 31.7
25–34 3099 29.4 2465 31.0
35–44 2042 19.3 1549 19.5
≥45 2268 21.5 1415 17.8

Sex
Male (reference) 4427 42.0 3590 45.2
Female 6121 58.0 4354 54.8

Knowledge to reduce HIV risk infection
No (reference) 1063 10.1 739 9.3
Yes 9332 88.5 7205 90.7
Missing 153 1.4 - -

Household level N=5573 % N=4912 %
Place of residence

Urban (reference) 2452 44.0 2155 43.9
Rural 3121 56.0 2757 56.1

Household size Scale: Min=1 and Max=23 4.5∗ - 4.7∗ -
*sample average
**subset of data used in this study
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convergence problems for the joint modelling of the outcomes with all 5 categories
for perception of risk and therefore the two categories “moderate” and “great” risk
were combined into one “high”-category.

The HIV infection status was a binary variable derived from an HIV test: 1 if
positive and 0 otherwise. The HIV test was done posterior to the interview using
Dried Blood Samples (DBS) and two sequential ELISA tests. After counseling and
consent, household members would then receive their test results.

Risky behaviour was assessed based on a combination of three risky behavioural
patterns: multi-sexual partners during the last 12 months, inconsistent condom use
during the last three sexual intercourses with any partners, and having had an STD
during the last 12 months (Eaton et al., 2003, Martins-Fonteyn et al., 2015). From
the answers to the corresponding yes/no questions, a “global” ordinal measure of
risky sexual behaviour (RSB), ranging from 0 (no risk if all negative) to 3 (high risk
if all positive) was defined.

Socio-demographic characteristics such as place of residence (urban, rural), sex
of respondent (male, female), age (grouped) and knowledge of at least one way to
reduce HIV infection were also included as covariates (Fishel et al., 2011, Prata et
al., 2006). Place of residence accounts for socio-economic inequalities between rural
and urban areas on perception of risk of HIV and HIV prevalence. Knowledge of at
least one way to reduce HIV infection was considered as a proxy for awareness of risk
behaviour that leads to HIV contamination.

Table 6.1 also shows that the percentage of missing observations in the re-
sponse variables is 8.1% for the infection status and 1.4% for the risk perception.
It is quite low for the different covariates (from 0% to 3.7%) except for condom
use (13.6%). This relatively higher percentage for condom use, as compared for
instance to the very low percentage (0.04%) for the number of sexual partners (last
12 months) is rather ascribed to the ambiguity of what is perceived as consistent or
inconsistent use than to particular non-ignorable mechanisms. Although a complete
case analysis implies a sample size reduction of about 25%, we decided to not focus
on any more advanced missing data methods but rather on the development of the
joint models, as the final dataset still contains observations of 7944 individuals within
4912 households.
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6.3 The marginal joint model for HIV risk perception & in-
fection status

Assume that there are i = 1, . . . , N households and j = 1, . . . , ni individuals in
each household. So ni is the number of eligible household members (ranging from
1 to 23, see Table 6.1). Let Y ij = (Yij1, Yij2)T be a random vector of categorical
outcomes: Yij1 the perception of risk for HIV infection with 4 categories, coded
as 0 to 3, corresponding to “unknown”, “no”,“low” and “high” risk respectively,
and Yij2 the binary infection status (0=HIV negative, 1=HIV positive). Let
Xij = (Xij0, Xij1, . . . , Xijq)T denote the vector containing q covariates of interest
with Xij0 = 1 for all (i, j). The majority of the covariates are at the individual level,
some of them however or on the household level and do not need a j subscript.

The multinomial probabilities (suppressing the ij subscript for simplicity)
P(Y1 = k, Y2 = `) with k = 0, 1, 2, 3 and ` = 0, 1 corresponding to the 4 × 2
contingency table define the joint probability distribution of the response vector
Y = (Y1, Y2)T . Based on the multinomial log-likelihood, the maximum likelihood
(ML) estimates can be computed. Instead of modelling the joint probabilities it is
often of more interest to reparametrize the (log-)likelihood in terms of 7 out of 8
non-redundant parameters related to the marginal distribution of Y1 (3 parameters),
the “success” probability π = P(Y2 = 1), and 3 association parameters. The
choices made for these 7 parameters should reflect the nature of variable Y1 with
the special category “unknown” (coded as 0) and the ordinal categories coded as 1,2,3.

Here we opted for two natural but different parametrization: the continuation-
ratio logits (CR) approach and a combination with a cumulative logits/proportional
odds (CR-PO) model. As depicted in Figure 6.1 (left upper graph), the continuation-
ratio approach follows a particular but in this case natural sequential pattern and is
based on the odds P(Y1 = 0)/P(Y1 > 0) corresponding to not knowing about one’s
risk, P(Y1 = 1|Y1 ≥ 1)/P(Y1 > 1|Y1 ≥ 1) corresponding to perceiving “no risk” given
that one knows about one’s risk, P(Y1 = 2|Y1 ≥ 2)/P(Y1 > 2|Y1 ≥ 2) corresponding
to perceiving low rather than high risk, given that one perceives some risk. So,
also suppressing the conditioning in the notation, the CR marginal distribution is
determined by:

OddsCR
k = P(Y1 = k)/P(Y1 > k), k = 0, 1, 2.
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Implied by the CR structure, the three association parameters are defined by the
OR’s of the corresponding 2 × 2 tables formed by cross classifying the CR structure
of Y2 with Y1 (see Figure 6.1, left lower graph):

ORCR
k = P(Y1 = k, Y2 = 0)P(Y1 > k, Y2 = 1)

P(Y1 > k, Y2 = 0)P(Y1 = k, Y2 = 1) , k = 0, 1, 2,

reflecting for k = 0 how the odds to be HIV infected depends on knowing or not
knowing about one’s risk, for k = 1 how it depends on perceiving risk yes or no,
and for k = 2 how it depends on perceiving high or low risk. The combined CR-PO

Figure 6.1: Graphical presentation of the continuation ratio (CR) and cumulative-
proportional odds model (CR-PO). Upper panels show the structure of the three odds repre-
senting the partly ordinal structure of the HIV risk perception Y1: on the left the CR model,
and on the right the first logit as in the CR model, and the remaining ordinal part as a PO
model (CR-PO model). Lower panels show the three 2 × 2 tables combining the CR (left)
and CR-PO (right) structure with the HIV infection status Y2.

parameterization (see Figure 6.1, right upper graph) for the marginal distribution of
Y2 starts again with P(Y1 = 0)/P(Y1 > 0), but then, given that Y1 > 0, proceeds with
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the “cumulative” logits, again suppressing the conditioning on Y1 > 0:

OddsPO
k = P(Y1 ≤ k)/P(Y1 > k), k = 1, 2.

and implied association parameters ORCR
0 and

ORPO
k = P(Y1 ≤ k, Y2 = 0)P(Y1 > k, Y2 = 1)

P(Y1 > k, Y2 = 0)P(Y1 ≤ k, Y2 = 1) , k = 1, 2.

Note that, because of the conditioning on Y1 > 0, OddsCR
1 = OddsPO

1 and that
ORCR

1 = ORPO
1 and consequently only the 2 parameters related to k = 2 make both

parameterizations different. ORPO
2 quantifies the dependency between being HIV

infected and on perceiving high or no high (low or no) risk.

The above defined odds for Y1, the probability π for Y2 and the odds ratio
parameters relating Y1 and Y2 can modeled as function of the covariates Xij , using
logit and log link functions as follows (suppressing any CR or PO superscript, but
reintroducing ij subscripts). For the marginal distribution of Yij1, the generalized
logit model is given by

log(Oddsk,ij) = Xijβ1k, k = 0, 1, 2, (6.1)

for the probability to be HIV positive of Yij2, the logit model is given by

logit(πij) = Xijβ2, (6.2)

and for the dependency parameters between Y1 and Y2, the model is defined as

log(ORk,ij) = Xijβ3k, k = 0, 1, 2, (6.3)

where βT1k = (β10,k, β11,k, . . . , β1q,k), βT2 = (β20, β21, . . . , β2q) and βT3k =
(β30,k, β31,k, . . . , β3q,k) are vectors of regression parameters. Of course, not
necessarily the same covariates play a role for different parameters.

In the mixed CR-PO approach, the “known” perception categories 1 to 3 of
Y1 can be seen as a categorisation of a latent continuous degree of perception having
a logistic distribution, which is an appealing concept and which motivates the use
of common slopes across the CR-logits (resulting in the “proportional odds” PO
model). Common slopes can also be considered for the CR model, at least again for
logits related to the “known” perception categories. The intercepts β10,k are taken
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differently for k = 0, 1, 2 for both type of models and for the PO part of the model
with the additional constraint β10,1 ≤ β10,2 (following from the cumulative nature).
But it can be examined whether the slopes (or part of them) β11,k, . . . , β1q,k are not
depending on k, thus reducing the number of parameters considerably.

The model defined by (6.1)-(6.3) will be referred to as the “marginal bivari-
ate” model. This model takes into account the semi-ordinal nature of Y1 and allows
to study the dependency between perception of risk (Y1) and HIV status (Y2). It
ignores however the hierarchical data structure and corresponding intra-household
correlation. Indeed, one might expect the observations of Y ij for two individuals
within a household to be more alike than for two individuals from different house-
holds, even after adjusting for covariates at the household level. Approaches using
different random effects structures are proposed in the next section.

6.4 The mixed effects joint model for HIV risk perception &
infection status

To model the heterogeneity across households, or equivalently the intra-household
association, models (6.1), (6.2) and (6.3) can be extended with random household
effects as follows:

log(Oddsk,ij) = Xijβ1k + b1ki, k = 0, 1, 2, (6.4)

logit(πij) = Xijβ2 + b2i, (6.5)

and
log(ORk,ij) = Xijβ3k + b3ki, k = 0, 1, 2, (6.6)

with a total of 7 random effects

bi = ((b10i, b11i, b12i), b2i, (b30i, b31i, b32i)), (6.7)

having a joint zero-mean normal distribution. A fully unstructured 7-dimensional
multivariate random effects parameterization however was computationally not fea-
sible, and therefore simplified structures were considered, with shared random effects
for each type of parameter log(Oddsk,ij), logit(πij) and log(ORk,ij)

bi = ((b1i, γ11b1i, γ12b1i), b2i, (b3i, γ31b3i, γ32b3i)), (6.8)
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defined by scalar scale parameters γ11, γ12, γ31, γ32 and random effects

(b1i, b2i, b3i) ∼ N3(0,Σ). (6.9)

The use of shared random effects is a well-established method for reducing the di-
mension of the random effects structure and obtaining more parsimonious models
(see e.g. McCulloch, 2008). The CR-PO model needs the additional constraint
β10,1 + γ11b1i ≤ β10,2 + γ12b1i to make sure that the cumulative probabilities are
ordered appropriately. The condition that γ11 ≤ γ12 is sufficient but not necessary.
For any practical purposes it is sufficient to constrain the parameter estimates such
that

β10,1 + 4γ11σ1 ≤ β10,2 + 4γ12σ1, (6.10)

as P (|b1i|< 4σ1) > 0.9999.This constraint would actually become more problematic
for the most complex random effects structure (6.7). However, if (6.10) is not
satisfied, negative probabilities can be obtained which may require redefinitions on
the estimation algorithms (e.g. step-halving). On the other hand, violations of (6.10)
could indicate that the CR-PO model with random effects structure (6.8) does not
provide a good fit to the data and should be dropped. Fortunately, we did not face
such problems with the models presented in this chapter.

Different choices considered for the covariance matrix Σ = V RV with

V =


σ1 0 0
0 σ2 0
0 0 σ3


are based on different choices for the correlation matrix R. Matrix V implies that
the random effects vector bi, as given by (6.7) and (6.8), has variance components

varcomps(bi) = ((σ2
1 , γ

2
11σ

2
1 , γ

2
12σ

2
1), σ2

2 , (σ2
3 , γ

2
31σ

2
3 , γ

2
32σ

2
3)), (6.11)

allowing flexibility of different scales of variation over households for different
parameters, in the same direction (positive γ’s) or in the opposite direction (negative
γ’s).

A fully parameterized R matrix with three correlations ρk` = cor(bki, b`i),
1 ≤ k < ` ≤ 3 appeared to be computationally not feasible. The following simplified
structures are considered:
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Independent RE-model

This model with independent random effects (b1i, b2i, b3i) corresponds to the choice
RIND = I3, the identity matrix.

Shared RE-model

This model with all random effects (b1i, b2i, b3i) shared corresponds to the choice
RSHARED = J3, the all-ones matrix, and implying one random effect b1i ∼ N(0, σ2

1)
and b2i = (σ2/σ1)b1i and b3i = (σ3/σ1)b1i. The vector of variance components remains
the same as in (6.11).

Correlated RE-models

A first choice

RCOR1 =


1 ρ 1
ρ 1 ρ

1 ρ 1

 (6.12)

corresponds to two correlated random effects (b1i, b2i) and shared effects
b3i = (σ3/σ1)b1i. Consequently (b2i, b3i) are correlated too, with the same
correlation coefficient ρ.

A second choice

RCOR2 =


1 1 ρ

1 1 ρ

ρ ρ 1

 (6.13)

corresponds to two correlated random effects (b1i, b3i) and shared effects
b2i = (σ2/σ1)b1i; and so (b2i, b3i) are correlated too.

And a similar third choice

RCOR3 =


1 ρ ρ

ρ 1 1
ρ 1 1

 (6.14)

corresponds to two correlated random effects (b1i, b2i) and shared effects b3i =
(σ3/σ2)b2i, implying that also (b1i, b3i) are correlated with correlation ρ.
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Maximum likelihood estimation

Let aij,k` represent the cell count corresponding to cell (Yij1 = k, Yij2 = `) with
k = 0, 1, 2, 3 and ` = 0, 1, and µij,k` = P(Yij1 = k, Yij2 = `|Xij ,β1k,β2,β3k, bi)
the respective cell probability. For the multinomial distribution, the kernel of the
likelihood function in terms of aij,k` and µij,k` is given as

L =
N∏
i=1

∫
bi


ni∏
j=1

µ
aij,k`
ij,k`

 f(bi)dbi (6.15)

with f(bi) the Gaussian density function for bi with mean 0 and variance Σ. Max-
imization of (6.15) is subject to the constraints that

∑
k,`

∑ni
j aij,k` = ni and∑

k,` µij,k` = 1. We approximate the integral in (6.15) using numerical integration
carried out with adaptive quadratures, implementing 7 or more quadrature points.
The maximum likelihood estimators for Θ = {β1k,β2,β3k,Σ} were then obtained
via the Newton–Raphson iterative algorithm

Θ(t+1) = Θ(t) +H(Θ(t))−1U(Θ(t))

with the score function U(Θ) = ∂ logL/∂Θ and the Hessian matrix H(Θ) =
∂2 logL/∂Θ∂Θ

′
. Parameter estimation was implemented in PROC NLMIXED of

SAS/STAT software, version 9.2 (illustrative code available in Appendix E).

6.5 Application to the INSIDA survey

In this section we briefly report on the application of both type of models (CR and
CR-PO) on the INSIDA data, the selection of covariates and the covariance structure
of the random effects, and discuss and interpret the estimates as obtained from the
best fitting model.

Model building and model selection

Due to the computational complexity, extensive model building was not feasible for
the mixed effects joint models, contrary to the marginal models which ran without
any difficulties with both model parametrization. As a pragmatic approach, the
optimal set of covariates was first selected for the three model components (6.1)-(6.3)
for each type of marginal joint model (continuation ratio & cumulative logit models)
using a backward selection procedure and then this set was investigated for the
possibility of common slopes and random effects.
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The final set of covariates is listed in Tables 6.3 and 6.4. A likelihood ratio
(LR) test was applied to check the possibility to have common slopes for the
ordinal logits, resulting in LR=13, df=10 (p-value=0.2237) and LR=15, df=10
(p-value=0.1321) for the CR and CR-PO models respectively. Table 6.2 below
compares the fit of the different models in terms of their values for -2×loglikelihood,
AIC and BIC. The last two columns show the ranking of all models according to AIC
and BIC. Both rankings are very close and show that the marginal models on position
8 and 9 are inferior to most of the mixed effects models, confirming the need to
include household random effects. So we focus discussion on the latter type of models.

The model outperforming all others is the CR-PO model 6 with correlation
matrix (6.14) for the random intercepts. Within the CR-PO family the second best
model (and overall second best model according to BIC) is model 3 with independent
random intercepts, closely followed by the CR and CR-PO model 4 with correlation
matrix (6.12) for the random intercepts. A note of cautiousness however is in place

Table 6.2: Model fit comparison for CR and CR-PO models. The column ’-2ll’ shows the
values of -2×log-likelihood; the column ‘#Par’ shows the number of parameters and the
columns ’Rank’ refers to the ranking of the models according to the AIC and BIC criterion.

Type Model -2ll #Par AIC BIC AIC rank BIC rank
1 Marginal 26887 34 26955 27192 8 8
2 Shared RE 26654 41 26736 27000 6 6.5
3 Independence RE 26565 41 26647 26910 5 5

CR 4 Correlated RE(1) 26553 42 26637 26907 2 3
5* Correlated RE(2) – 42 – – - -
6* Correlated RE(3) – 42 – – - -
1 Marginal 26888 34 26956 27193 9 9
2 Shared RE 26655 41 26737 27000 7 6.5
3 Independence RE 26558 41 26640 26904 3.5 2

CR-PO 4 Correlated RE(1) 26556 42 26640 26909 3.5 4
5* Correlated RE(2) – 42 – – - -
6 Correlated RE(3) 26540 42 26624 26893 1 1

* models with convergence problems.

here. The fits of the CR models 5 and 6 and CR-PO model 5 (indicated with
an asterisk in Table 6.2) gave the SAS/STAT warning “Hessian matrix not positive
definite” implying that estimates for the standard errors of some parameter estimates
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Table 6.3: Odds ratio estimates (95% confidence interval) of CR model 4.

HIV perception of risk HIV infection status
Effects OddsCR0 OddsCR1 OddsCR2 Odds HIV+
Intercept 0.28(0.22 – 0.36) 1.60 (1.19 – 2.14) 4.95 (3.48 – 7.05) 0.03 (0.02 – 0.04)
Place (Rural) 1.45 (1.30 – 161) 1.97 (1.70 – 2.29) 0.41 (0.33 – 0.50)
Sex (Female) 2.14 (1.92 – 2.39) 0.72 (0.64 – 0.81) 1.67 (1.40 – 1.98)
Knowledge (Yes) 0.50 (0.42 – 0.58) 0.58 (0.46 – 0.73) 1.34 (0.97 – 1.85)
Age (25-34) 1.08 (0.95 – 1.23) 0.90 (0.79 – 1.04) 2.56 (2.04 – 3.21)
Age (35-44) 1.13 (0.98 – 1.30) 0.91 (0.78 – 1.08) 2.14 (1.64 – 2.78)
Age (≥45) 1.17 (1.01 – 1.36) 1.45 (1.22 – 1.72) 1.57 (1.19 –8.57)
RSB 1.26 (1.11 – 1.42) 0.59 (0.52 – 0.67) 1.23 (1.01 – 1.50)

ORCR
0 ORCR

1 ORCR
2

Intercept 1.88 (1.28 – 2.76) 1.03 (0.68 – 1.70) 0.84 (0.39 – 1.84)
Age (25-34) 0.50 (0.30 – 0.83) 0.87 (0.54 – 1.39)
Age (35-44) 0.84 (0.47 – 1.48) 0.70 (0.37 – 1.36)
Age (≥45) 1.26 (0.43 – 1.48) 0.70 (0.35 – 1.38)

Variance components
σ2

1 0.059(0.065)
σ2

2 2.688(0.370)∗
σ2

3 0.074(0.123)
ρ -0.226(0.069)∗
γ11 5.061(2.757)
γ12 4.703(3.103)
γ31 0.687(1.554)
γ32 -1.070(2.063)

are not available. Applying different starting values and exploring other options to
improve the numerical computations were not successful. The most common reason
for this SAS/STAT warning relates to scaling issues or misspecified or overspecified
models. In our view, we are hitting the limits of identifiability and overspecification
with some of our models. Results of these models were excluded of further analysis
in this chapter.

Parameter estimates and interpretation

Table 6.3 and 6.4 show the estimates of the best CR model 4 and the best CR-PO
model 6 (being the overall best one). The estimates for the parameters and standard
errors for the marginal distribution of the HIV risk perception, the infection status
and the association between both are quite similar between both models. Obviously,
as the covariance structures of the random effects for both models are different,
so are the estimates for the variance components. Further discussion is focused
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on CR-PO model 6. First note that the model constraint (6.10) is satisfied as
β̂10,1 +4γ̂11σ̂1 = 5.73 ≤ β̂10,2 +4γ̂12σ̂1 = 6.36. The odds to not know the risk is about
48% higher for households in the rural areas, 112% higher for women, 17% higher for
the older individuals (age ≥ 45) as compared to the youngest ones (age 15-24), and
25% higher for a unit increase on the risky sexual behaviour scale. Having knowledge
on how to reduce risk of HIV infection reduces the odds to not know the risk with
about 50%. Given “known” risk perception, the odds to perceive no risk (versus low
or high risk), as well as the odds to perceive low risk versus high risk, is about 97%
higher for households in the rural areas and 43% higher for the older individuals
(age≥ 45) as compared to the youngest ones (age 15-24). The odds of no risk is
about 29% lower for women, 43% lower when having knowledge how to reduce HIV
risk, and 41% lower for any unit increase on the risky sexual behaviour scale. For the

Table 6.4: Odds ratio estimates (95% confidence interval) of CR-PO model 6.

HIV perception of risk HIV infection status
Effects OddsPO0 OddsPO1 OddsPO2 Odds HIV+
Intercept 0.29 (0.23 –0.36) 1.58 (1.18 – 2.13) 4.90 (3.55 – 6.78) 0.03 (0.02 – 0.04)
Place (Rural) 1.45 (1.31 – 1.60) 1.97 (1.72 – 2.26) 0.39 (0.32 – 0.49)
Sex (Female) 2.12 (1.90 – 2.36) 0.71 (0.64 – 0.80) 1.68 (1.42 – 2.00)
Knowledge (Yes) 0.50 (0.43 – 0.59) 0.58 (0.45 – 0.73) 1.35 (0.97 – 1.88)
Age (25-34) 1.08 (0.95 – 1.23) 0.89 (0.77 – 1.02) 2.66 (2.11 – 3.36)
Age (35-44) 1.13 (0.98 – 1.30) 0.91 (0.78 – 1.08) 2.16 (1.65 – 2.82)
Age (≥45) 1.17 (1.01 – 1.36) 1.43 (1.21 – 1.70) 1.60 (1.21 – 2.12)
RSB 1.25 (1.10 – 1.41) 0.59 (0.53 – 0.67) 1.26 (1.03 – 1.53)

ORPO
0 ORPO

1 ORPO
2

Intercept 1.97 (1.16 – 3.35) 0.57 (0.25 – 1.29) 0.89 (0.41 – 1.90)
Age (25-34) 0.50 (0.30 – 0.81) 0.89 (0.45 – 1.74)
Age (35-44) 0.83 (0.47 – 1.45) 0.66 (0.30 – 1.45)
Age (≥45) 0.76 (0.42 – 1.39) 0.75 (0.34 – 1.66)

Variance components
σ2

1 0.022(0.036)
σ2

2 2.421(0.288)∗
σ2

3 0.022(0.065)
ρ -0.255(0.0649)∗
γ11 8.877(7.538)
γ12 8.073(7.191)
γ31 -4.18(6.542)
γ32 0.189(2.174)

HIV infection status, the odds to be positive is about 61% lower for households in
the rural areas and 68% higher for women. The odds to be positive is highest for the
age group 25-34, being 166% higher as compared to the youngest ones (age 15-24);



6.5. Application to the INSIDA survey 87

and 116% higher for the age group 35-44 and 60% higher for the age group ≥ 45,
both as compared to the youngest group. Finally, the odds increases 26% with any
unit increase on the risky sexual behaviour scale. The effect of having knowledge on
how to reduce HIV risk was not significant.

Of the covariates, age was the only factor with a significant effect on the odds
ratio models (6.6), more precisely for the odds ratio in the 2×2 table cross classifying
“unknown”/“known” risk perception against positive/negative infection status. For
the youngest age-group (15-24) there is a significant “positive” association with an
odds ratio estimate of 1.97 (95% C.I.:1.16 –3.35), implying that the odds to be HIV
positive were 97% higher when one does not know about his/her risk, as compared
to “known” risk. This association is only significantly different for the age-group
25-34, for which the odds ratio estimate reduces by about 50% (95% C.I.:0.30 –
0.81) to 0.98, implying a lower odds when risk is unknown than when it is known.
As there was no evidence of an effect of risky sexual behavior on the association
between HIV risk perception and HIV status, our study does not confirm the earlier
(contradictory) findings of Koh and Yong (2014) or Nunn et al. (2011). However,
since β30,0 > β30,1 the odds of HIV infection is significantly higher for individuals
with “unknown” risk than with “known” risk, and it increases with an increase on the
risk perception scale (since β30,2 > β30,1), the latter suggesting a positive association
between risk perception and HIV status though not statistically significant.

The above interpretations of the fixed effects are conditional on household.
The heterogeneity across households is characterized by the variance components.
The effect of household seems to mainly play at the level of the probability to have a
HIV positive status, with estimated variance σ̂2 =

√
2.421 = 1.556 (p-value < 0.001

using a χ2
0,1mixture). Using the approximate formula βM = βRE/

√
c2σ2

RE + 1
with c = 16

√
3/15π between marginal effect βM and conditional effect βRE in a

random intercept logistic model with random effect variance σ2
RE (Diggle et al., 2002,

Molenberghs and Verbeke, 2005), we get the following unconditional, population
averaged effects: the odds to be HIV positive is about 50% lower for households in the
rural areas and 47% higher for women; is highest for the age group 25-34, being 106%
higher as compared to the youngest ones (age 15-24), 76% higher for the age group
35-44 and 41% higher for the age group ≥ 45, both as compared to the youngest
group; increases by 18% with any unit increase on the risky sexual behaviour scale.
An estimate of an approximate intra-household correlation (correlation between
HIV infection status between members of the same household) can be calculated as
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σ̂2
2/(σ̂2

2 + π2/3) = 0.42. However, the basis for this calculation is not very strong and
caution is needed with its use (Laenen et al., 2006), but it gives an idea of the order
of magnitude.

The estimated correlation between the random effects b1i and b2i was found to
be significantly negative, implying that (since γ̂11 ≥ 0 and γ̂12 ≥ 0) for a household
whose members have a higher probability to be HIV positive (as compared to e.g.
a household for which b1i = 0), the probability of these members perception of risk
tend to be more on the left end of the scale of HIV risk perception (as compared
to e.g. a household for which b2i = 0), where that scale is defined as 0=“unknown
risk”,1=“no risk”, 2=“low risk”, and 3=”high risk”.

As the random effect b2i was correlated significantly with b1i and shared its
effect with b3i, we decided to keep all other variance related parameters in the model,
despite the fact that they turned out to be not significantly different from 0 (at level
0.05).

6.6 Discussion

In this chapter we presented two types of bivariate models for categorical response
variables, being HIV risk perception Y1 having one category “unknown risk” and
three other ordinal categories (”no risk”, ”low risk”,”high risk”), and HIV infection
status Y2 (positive or negative). As interest goes to modelling the association between
Y1 and Y2 as a function of covariates, while taking into account the hierarchical data
structure, joint models with random household effects were considered. One model
(CR model) starts with a continuation ratio-logits model for Y1, being a natural
choice in this particular setting, and combines it with the binomial distribution of Y2

using global cross-product ratios as marginal association measures (following Dale’s
approach (Dale, 1986)), and further extended with (partly) correlated and/or shared
random effects for each of the three model components. A second model (CR-PO
model) follows the same construct but starts with a model for Y1 that combines
continuation-ratio logits with cumulative logits (proportional odds). In the particular
setting of HIV risk perception and infection status, both joint models only differ in
two parameters, one parameter related to the risk perception distribution and one
association parameter. In case Y1 would have five or more parameters (e.g. including
a ”moderate risk” category), both type of joint models would differ in four or more
parameters.
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By specifying a model for the cross product ratio we can investigate different
notions of dependence between the outcomes, e.g., whether outcomes are positively
dependent, or if this dependence increases with respect to certain covariates.
Models based on Figure 6.1 and the formulas for the odds ratios ORCR

k and ORPO
k

(k = 0, 1, 2) are of interest given the logits as defined for Y1. In terms of our
application, ORCR

0 or ORPO
0 quantifies the factor of change in the odds of not

knowing his/her risk (as compared to knowing one’s risk), while ORCR
1 (or ORPO

1 )
quantifies the factor of change in the odds of perceiving no risk (as compared to
perceiving low or high risk), given the changes in the relevant covariates. According
to Table 6.4, the odds of HIV positive when one does not know his/her risk is
estimated as 1.97 for the age group (15-24) and hence the probability of not knowing
one’s risk is about twice as large as of knowing risk. This corroborates with the
findings of Prata et al. (2006) which states that in Mozambique personal risk of
HIV infection is greatly underestimated by individuals’ risk perception, despite
the high HIV prevalence (Audet et al., 2010). This odds ratio decreases to 0.98
when compared to the age group (25-34), implying less probability of not knowing
individual’s risk when HIV positive.

This modelling approach can be applied to similar settings as in Martins-Fonteyn et
al., (2015) or slightly modified to deal with related but somewhat different settings
as in quantity-frequency surveys (Mcmillan and Hanson, 2005). Quantity-frequency
response scales typically have two dimensions being the frequency (never, monthly
or less, 2-4 times per month,. . .) and the quantity (1-2 drinks, 3-4 drinks,. . .). The
second dimension only applies conditional on the first one being different from
“never”. This can be accommodated in our model by excluding the association
parameters corresponding k = 0, being ORCR0 and ORPO0 . Our model then boils
down to the one described in Mcmillan and Hanson (2005) but would allow to
fit the data as one joint model with inclusion of common effects across the model
components as well as different multivariate random effects structures.

The proposed full likelihood approach with different multivariate random ef-
fects structures and facing computational limits might become a real challenge
to larger tables. Such an exercise however is considered worthwhile, as it forces
one to think about all model components in detail. A Generalized Estimating
Equations (GEE) approach is a natural alternative (Catalano, 1997, Fitzmaurice
and Laird, 1995, Liang and Zeger, 1986). However, implementing this approach and
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fitting such a model to our data with different types of working correlations (again
facing us with many different options) would be far from straightforward. It is a
very interesting topic of research but considered beyond the scope of this contribution.

For the application to the INSIDA data, different models with varying sets of
covariates for the three components of the model and different covariance structures
for the household random effects were fit, and the final model was selected using
AIC and BIC, being the CR-¨PO model with partly correlated and partly shared
random effects. Not unexpected, the estimates for the (conditional on household)
parameters for the joint distribution of (Y1, Y2) of the (overall) best CR-PO model
and the (second) best CR model were quite close. Computational difficulties were
encountered for some of the models, indicating that information in the data for some
of the parameters is quite scarce. The proposed models may be useful in various
fields of application such as social and biomedical sciences, epidemiology and public
health.

The results from the final CR-PO model as fitted to the INSIDA data indicate that
only age has a significant effect on the association between HIV risk perception and
infection status. The variable risky sexual behaviour, of special interest as it has been
mentioned before in literature in relation to the HIV perception & status association,
was not significant for the association model. The random household effect was
mainly relevant for the HIV status. The negative association between perception of
risk and HIV infection status within a household implies that assessing household
members health status through his/her perception of risk is not precise, especially
for younger individuals. Those that do not correctly perceive their HIV risk may
unknowingly transmit the disease, thus increasing the HIV incidence and prevalence
rates. We believe that a universal or mandatory HIV screening for special population
groups should therefore be considered as a complementary tool in the fight against
HIV/AIDS in the country. Mandatory testing has gained lot of political support in
addressing the problem of HIV infection in certain regions of Gulf countries (Saudi
Arabia, UAE), China, India, Ethiopia, Cambodia, Senegal and others (Chattu, 2014).

One limitation in the INSIDA application is related to the considerable amount of
missing data for both, the response variables and the covariates. Further investigation
is required in order to assess the impact that missing mechanisms other than missing
completely at random may have on the applicability of our models in general and
the results and conclusions about the application to the INSIDA data in particular.



Chapter 7
On applied statistics in
reproductive health and
HIV/AIDS

This chapter presents a summary of statistical applications related to the general
theme of reproductive health and HIV/AIDS in the DESAFIO program context. It
consisted of 4 collaborative research projects conducted with colleagues from projects
4 and 5, focusing on facility-based maternal mortality, healthcare utilization and HIV
risk perception and sexual behavior of migrant miners in Mozambique. Following, a
brief description of each study and their main findings.

7.1 HIV Susceptibility Among Migrant Miners in Chokwe: A
Case Study

Article:
Martins-Fonteyn, E., Loquiha, O., Wouters, E., Raimundo, I., Hens, N., Aerts, M., and

Meulemans, H. (2015). HIV Susceptibility Among Migrant Miners in Chokwe: A Case Study.

International Journal of Health Services. doi: 10.1177/0020731415585988.

The HIV virus is spreading fast in the southern region of Mozambique, where
the number of migrant workers is the highest, specially of miners, a group regarded
as Most-At-Risk-Population. HIV prevalence is high amongst miners and usually
they do not know their health status. To understand miners’ HIV susceptibility,
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we examined the association between risky sexual behavior (yes/no) and HIV risk
perception (no/low/high) using ordinary and cumulative logistic models. Therefore,
we conducted a cross-sectional survey with 293 miners who worked in South African
mines and lived in district of Chókwè in Gaza Province (southern Mozambique).

According to our study, most miners were at risk of HIV infection as a result
of risky sexual behavior. What’s more, we found a strong negative association
between risk sexual behavior and HIV risk perception; seventy percent of miners
practicing risky sexual behavior reported low HIV risk perception. This demonstrate
that miners tend to underestimate their HIV risk, which makes them more susceptible
to HIV infection. Risk perception among miners is related to a range of factors, both
individual and environmental.

In conclusion, informed risk awareness is essential for these men to adopt pre-
ventive measures against HIV/AIDS. Therefore, it is important to consider cultural
beliefs, as they influence the understanding of HIV risk perception.

7.2 Maternal death and delays in accessing emergency obstet-
ric care in Mozambique

Article:
Chavane, L.A., Bailey, P., Loquiha, O., Dgedge, M., Aerts, M., and Temmerman, M.(n.a)

Maternal death and delays in accessing emergency obstetric care in Mozambique. BMC Pregnancy

and Childbirth, under revision.

Despite the trend in reduction, maternal mortality remains an important pub-
lic health issue in Mozambique. The delays to reach an appropriate health facility
and receive care faced by woman with pregnancy related complications play an
important role in the occurrence of these deaths. This study aims to examine the
contribution of the delays in relation to the causes of maternal death in facilities in
Mozambique.

Secondary analysis was performed on data from a national assessment on ma-
ternal and neonatal health that included in-depth maternal death reviews, using
patient files and facility records that presented the most comprehensive information
available. Statistical models were used to assess the association between delay type
II and delay type III and the cause of maternal death within the health facility.
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SAS-STAT software was used to analyze the data.

A sample of 712 out of 2,198 maternal deaths were analyzed. Delay type II
was observed in 54.4% of maternal deaths, delay type III in 28.2% and 16.4% had
both delays. It turns out that woman who died of a direct obstetric complication
were more likely to have experienced a delay type III than women who died due to
indirect causes. A negative correlation between the probability of experiencing delay
type III in a woman who had delay type II and vice versa was found.

In conclusion, the delays in reaching and receiving appropriate facility-based
care for women facing pregnancy related complications in Mozambique represent
important factors for maternal deaths. Securing referral linkages and health facility
readiness for rapid and correct patient management are needed to reduce the impact
of these delays within the health system.

7.3 Factors associated with risky sexual behaviour among
Mozambican miners: a socio-epidemiological contribution
for HIV prevention framework in Mozambique

Article:
Martins-Fontyen, E., Wouters, E.,Loquiha, O., Hens, N., Aerts, Sema, C., Degomme, O., Thapa,

S., Boothe, M., Raimundo, I. and Meulemans, M. (n.a). Factors influencing risky sexual behaviour

among Mozambican miners: a socio-epidemiological contribution for HIV prevention framework in

Mozambique. International Journal for Equity in Health, under revision.

Information dealing with social and behavioral risk factors as well as their
mechanisms among Mozambican migrants working in South African mines remains
undocumented. What this article takes into account is how social factors via
behavioral factors influence HIV risk. Therefore, the source study was aimed at
understanding the various factors influencing HIV-related risk behaviors and the
resulting HIV positive status of so many Mozambican mineworkers working in South
African mines.

This study relied upon data from the first Integrated Biological and Behavioural
Survey (IBBS) among Mozambican miners working in South African mines. We
investigated associations between the determinants using the Person Chi-square test,
Fisher’s exact test and multiple logistic regressions. The multiple logistic regression
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analysis revealed miners who had HIV positive status were 4.6 times (95% C.I.:
1.60-12.93) more likely to also be diagnosed with tuberculosis (TB), after monitoring
for other biological factors. When proximate determinants were also included in the
model, the odds of being diagnosed with TB rose to 5.14 times (95% C.I.: 1.49-17.78)
among those who had HIV positive status. Conversely, miners having HIV positive
status were 2.64 (95% C.I.: 1.33-5.23) times more likely to report using condoms
sometimes or always, after checking for biological and other proximate determinants.

In conclusion, underlying mining and mobility factors did not reveal any strong
impact upon miners’ risky sexual behaviour. Instead, their high risk behaviour seems
to be largely explained by differences in socio-demographic factors. However this lack
of evidence of miner’s vulnerability to HIV may be explained by the “healthy worker
survivor” effect. Therefore we suggest the need for further research and prevention
programs in order to educate miners on sexual and reproductive health issues.

7.4 Satisfaction gaps of women attending Family Planning
Services in Mozambique

Article:
Chavane, L.A., Dgedge, M., Bailey,P., Loquiha, O., Aerts, M., and Temmerman, M (2015).

Satisfaction gaps of women attending Family Planning Services in Mozambique. Journal of Family

Planning and Reproductive Health Care. published online doi:10.1136/jfprhc-2015-101190.

The contraceptive prevalence rate in Mozambique was estimated as 11.3% in
the last Demographic and Health Survey. The impact of family planning (FP) on
women’s health and on the reduction of maternal mortality is well known. Acknowl-
edging the importance of user satisfaction in the utilization of health services, exit
interviews were used to assess women’s satisfaction with FP services in Mozambique.
The survey, conducted in 174 health facilities, was representative at the national
level, covered all provinces, and both urban and rural areas.

Overall, 86% of respondents were satisfied with FP services, but issues such
as insufficient supplies of oral contraceptives and the low quality of health-care
provider/client interactions were given as reasons for women’s dissatisfaction.

In conclusion, defined actions at the level of health service provision are needed
to tackle the identified issues and ensure improved satisfaction with, and better
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utilization of, FP services in Mozambique.





Chapter 8
Conclusions

In this thesis we developed flexible models that fits in the two-part model framework.
For discrete and continuous outcomes we explored models for data containing excess
of zero values using a two-step process involving modeling the probability of zeros
and the mean of the nonzero values. For categorical data we addressed the issue
of semi-ordinal outcomes often encountered in survey questionnaires in which a
respondent’s answer does not fit the standard set of ordinal categories.

These models are conceptually applicable to a variety of settings including
economic, social or medical data, and are relatively simple to fit and to interpret.
We applied them in the context of reproductive health in Mozambique, specifically
to facility-based maternal mortality and for HIV/AIDS.

In Chapter 3 we extended the classical Poisson regression model to a hierar-
chical zero-inflated negative binomial model with different parameterizations of the
random effects’ covariance matrix, in a likelihood based framework. The hierarchical
zero-inflated model formulation allows estimation and testing of parameters based
on the mixture distribution, and we illustrated the contribution of i) the excess of
zero counts, ii) the overdispersion and iii) the hierarchical data structure, to the
total heterogeneity with mathematical expressions for the mean and variance of the
outcome variable.

The models were applied to counts on maternal deaths where we showed that
the simpler ZINB model is preferred in our situation. One key finding of our
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analysis with facility-based maternal mortality rate was its dependence on the
location of the health facility in relation to the district capital. This points mainly
to differences in health service utilization between rural and urban (or semi-urban)
areas in Mozambique, an area of research that is currently very active in the country
(Anselmi et al., 2015, Luis and Cabral, 2016).

In Chapter 4, the ZIP and ZINB models were extended to include spatial ef-
fects when modeling institutional maternal mortality rate in Mozambique. The
models were implemented in the Bayesian framework, in which the model formulation
allow the bivariate intrinsic CAR specification with a bivariate normal distribution
for spatial and non-spatial random effects. We concluded once again that complex
models need not always be preferred if similar fits can be accomplished with relatively
simpler models. Our model assumed that spatial and non-spatial random effects
were two independent effects and we argue that more complex structures might
not be necessary as also evinced by our application to the NMNH data, with not
enough structural variability in the data to support correlated spatial and non-spatial
random effects.

Interestingly, with the spatial extension the best fitting models belonged to
the Poisson family of models contrary to what was observed with the likelihood
based models in Chapter 3, with considerable differences also in terms of parameter
estimates and statistical significance of covariates. We point here to the need of
using proper scoring rules opposed to AIC or DIC for model selection in the context
of hierarchical data with excess zeros. In such cases, we would recommend the
Bayesian framework be preferred to the likelihood based for model estimation and
inference, since it fits naturally in the context of hierarchical models. Mapping the
areas with increased and reduced mortality rates helped to highlight the differences
of health care services between regions, specially the South and North of Mozambique.

In Chapter 5 a joint model is proposed for the association of time to treat-
ment and time to death of pregnant women within health facilities. Our approach
combines models for competing risk and mixture models, and it is comprised of a
two-part generalized linear mixed model for time to treatment and for time to death
(conditional on time to treatment). This model formulation is flexible enough to
incorporate the semi-continuous time to treatment (when observed) and its relation
with time to death, and any unobserved heterogeneity at health facility level.
When applied to a scenario in which all patients experienced both event times, our
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model formulation is relatively simpler to implement in standard statistical software
compared to other models in the competing risk context.

Although the semi-continuous nature of time to treatment will largely depend
on the time scale used, one could expect that complicated cases are immediately
assisted once inside any health facility. The application to the NMNH data showed
that the distribution of both event times was significantly affected by the quality of
infrastructure and of human resources available, and the structural functioning of
the referral system.

The expected time to death, conditional on early or late treatment time, was
consistently lower for patients with direct obstetric complication. Obstetric compli-
cation are the main cause of facility-based maternal mortality in many developing
countries (Pacagnella et al., 2007, Kongnyuy et al., 2009). As it turns out, in well
resourced or equipped health facilities the expected survival time of patients is
shorten by an increase in the waiting time to received treatment, highlighting the
association between delay to receive treatment and facility-based maternal mortality.

In Chapter 6 we introduced two types of bivariate models that combine continuation-
ratio or cumulative logits (or both) with the binominal distribution, while taking into
account the hierarchical data structure. We show the application of this model for
the association of HIV risk perception, having one category “unknown risk” and three
other ordinal categories (”no risk”, ”low risk”,”high risk”), and HIV infection status
(positive or negative). This modelling approach can be applied to similar settings as
in (Martins-Fonteyn et al., 2015) or slightly modified to deal with related but some-
what different settings as in quantity-frequency surveys (Mcmillan and Hanson, 2005).

The model formulation allows to specify the cross product ratio, a measure of
association between the outcomes, as a function of covariates that can be used to
investigate different notions of dependence between the outcomes and allows to
investigate whether this dependence increases with respect to certain covariates.
According to our study with the INSIDA data, for younger individuals, the odds
of being HIV positive when one did not know his/her risk was about twice as
large as when risk was known, implying that the risk of HIV infection is greatly
underestimated by individuals’ risk perception, a result also found in Prata et al.
(2006). This is also the case when conditional on the household, for which a negative
association between perception of risk and HIV infection status was found implying



100 Chapter 8. Conclusions

that assessing household members health status through his/her perception of risk
may be biased. Those that do not correctly perceive their HIV risk may unknowingly
transmit the disease, thus increasing the HIV incidence and prevalence rates. We
recommend that universal or mandatory HIV screening for special population
groups should therefore be considered as a complementary tool in the fight against
HIV/AIDS in the country.

8.1 Further research

The topics for future research were mainly due to some limitations we encountered
in the data analysis process that implied some cautiousness in formulating the con-
clusions, namely presence of the missing data, the models selection criteria and full
likelihood specification.

8.1.1 Assessing the impact of missing data mechanisms

Throughout the analyses in this thesis, complete case analysis was applied whenever
missing data was observed. Complete case analysis assumes a missing completely at
random (MCAR) mechanism for the unobserved data. Although under the MCAR,
the process generating the missing data can be ignored in any inference paradigm
(frequentist, likelihood or Bayesian), its use can rarely be justified in practice
(Molenberghs and Verbeke, 2005).

Missing data methods such as multiple imputation and sensitivity analysis
would therefore be required in order to assess the impact that missing mechanisms
other than MCAR may have on the power and precision of our models, in particular
those presented in Chapters 3, 4 and 6.

8.1.2 Model selection criteria

In Chapter 3 we recommended using AIC for model selection, despite some concerns
on its broader use. We based model selection on the marginal AIC for the reason that
the conditional AIC has not been studied or implemented yet for the HZINB type
of models. Contrary to the Bayesian framework where work on similar discussion
already exists (Millar, 2009), this is an interesting topic for further research, for
likelihood based methods. Another interesting point for further research is the
development of a formal test for overdispersion with zero-inflated count data, such
as an extension of Baksh et al. (2011) with the inclusion of covariate information.
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Formal testing the need of random effects on both model components in the context
of zero-inflated data provides also an opportunity for future research.

In Chapter 5 joint modeling of event times is suggested to account for infor-
mative censoring. A ZIG distribution is assumed to semi-continuous outcomes, which
is recommended only when it is clear that the data are truly distributed as gamma.
Further research includes formally checking for the zero-inflated log-normal or the
more flexible generalized gamma density as alternative to ZIG. In addition, future
research should consider extending these models to include right, left or interval
censored data.

8.1.3 Alternatives to full likelihood specification

In Chapter 6, the proposed full likelihood approach with different multivariate random
effects structures might become a real challenge to larger tables, facing computational
limits. A GEE approach with different types of working correlation structures provide
a computationally convenient alternative estimation method.
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A. The Needs in Maternal and Neonatal Health datasets

Variable description for counts on maternal mortality data

Table A1: Variable description for dataset on counts of maternal deaths.

Variable Description Values
UPA Primary unit of sampling

identification
North

Region Geographical regions Center
of Mozambique South

Central hospital
Provincial+general hospital

Type of health center, Rural hospital
Health facility (HF) type classified accordingly Health center type I

to the size and level of services Health center type II, III
and health post

Location Geographical location of the Inside district capital
health facility within a district Outside district capital

Emergency obstetric care Availability of EmOC during weekdays Not available/Partial time
(EmOC) Full time

Waiting house Availability of a waiting house No
for pregnant women prior to delivery Yes

Malaria cases Ratio (in%) of malaria cases
and number of obstetric admissions

HIV cases Ratio (in %) of HIV cases
and number of obstetric admissions

Ratio of medical doctors Ratio (in %) of number of doctors,
gynecologists/obstetrician, surgeon,
neonatologists, pediatricians and nurses
and total medical staff,
excluding the administrative workers

Transfers in Percentage of referrals into the facility
from other facilities due
to obstetric complications

Transfers out Percentage of referrals from the facility
to other facilities due
to obstetric complications
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Variable description for cases on maternal mortality data

Table A2: Variable description for dataset on cases of maternal deaths.

Variable Description Values
caseID Case identification

Central hospital
Provincial,general

Health facility (HF) type Type of health facility and rural hospital
Health center type I,II,III
and health post

Age Age of the women in years <25
≥ 25

Complication type Type of complication Nonobstetric
Obstetric

Obstetric complication Retrospective status of the women Before admission
regarding the obstetric complication After admission

Staff Availability of qualified medical No
doctors for EmOC service Yes

Treatment Treatment or intervention received No
Yes

Referred Whether the patient was transferred No
from other facility Yes
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B. Modelling heterogeneity for count data

Derivation of the conditional mean and variance

Consider the HZINB model (3.11) with only a random effect for the Poisson compo-
nent; so with

log(E(Yij |xij , uij = 1, bi)) = (β0+bi)+β1xij , logit(πij) = logit(P (uij = 1|zij)) = α0+α1zij .

For the marginal mean, with fσb(·) the density of the N(0, σ2
b ) distribution

µij = E(Yij |xij) = E(E(yij |xij , bi))

= (1− πij) exp(β0 + β1xij)
∫ +∞

−∞
ebfσb(b)db

= (1− πij) exp(β0 + β1xij) exp(σ2
b/2)

such that

log(µij) = (β0 + σ2
b/2) + β1xij − log(1 + exp(−α0 − α1zij)).

For the marginal variance

Var(yij |xij) = E(Var(yij |xij , bi)) + Var(E(yij |xij , bi))

where, with ν̃ij = exp(β0 + β1xij),

Var(E(Yij |xij , bi)) = (1− πij)2ν̃2
ij

{∫ +∞

−∞
e2bfσb(b)db− eσ

2
b

}
= (1− πij)2ν̃2

ij{e2σ2
b − eσ

2
b}.

The conditional variance (using (3.13)) equals

Var(yij |xij , bi) = (1− πij)ṽijebi + (1− πij)(πij + φ)ν̃2
ije

2bi

such that

E(Var(yij |xij , bi)) = (1− πij)ν̃ijeσ
2
b/2 + (1− πij)(πij + φ)ν̃2

ij(e2σ2
b ).
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Adding up both contributions for the marginal variance, we get with µij = (1 −
πij)ν̃ijeσ

2
b/2,

Var(Yij |xij) = (1− πij)2ν̃2
ij{e2σ2

b − eσ
2
b}+ (1− πij)ν̃ijeσ

2
b/2 + (1− πij)(πij + φ)ν̃2

ije
2σ2
b

= µij + µ2
ije

σ2
b +

µ2
ij

1− πij
(1 + φ)eσ

2
b

= −µ2
ij + µij +

µ2
ij

1− πij
(1 + φ)eσ

2
b

= µij{1 + µij(
eσ

2
b (1 + φ)− 1 + πij

1− πij
)}.
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SAS codes for HZIP and HZNB models

A SAS program, using the procedure NLMIXED, for the HZIP(cor) model is as follows:

proc nlmixed data=nmnh qpoints=10 maxiter=3000;

/*linear predictor for mixture probability*/
linp_infl=a0+a1*north+a2*central+a3*local+a4*prop_mal+b2;

/*linear predictor for Poisson mean*/
linp_poisson=beta0+beta1*north+beta2*central+beta3*hf2+beta4*hf3+beta5*hf4
+beta6*hf5+beta7*local+beta8*prop_mal+beta9*prop_hiv+beta10*emoc+beta11*wait
+beta12*ratio3+beta13*trans_in+beta14*trans_out+beta15*(local*north)
+beta16*(local*central)
+logtotal+b1;

mu=exp(linp_poisson);
pi = exp(linp_infl)/(1+exp(linp_infl));
if mdeaths=0 then ll = log((pi) + (1-pi)*exp(-mu));
else ll = log((1-pi)) + mdeaths*log(mu) - lgamma(mdeaths+1)- mu;
model mdeaths ˜general(ll);
random b1 b2˜normal([0,0],[d11,d12,d22]) subject=DISTRITO out=eb_poisson;
predict mu out=mu_poisson;
predict pi out=pi_poisson;
run;

A SAS program, using the procedure NLMIXED, for the HZINB(shared) model is
as follows:

proc nlmixed data=nmnh qpoints=15 maxiter=3000;

/*linear predictor for mixture probability*/
linp_infl = a0+a1*north+a2*central+a3*local+a4*prop_mal+c*b1;
pi = exp(linp_infl)/(1+exp(linp_infl));

/*linear predictor for Poisson mean*/
linp_poisson = beta0+beta1*north+beta2*central+beta3*hf2+beta4*hf3+beta5*hf4
+beta6*hf5+beta7*local+beta8*prop_mal+beta9*prop_hiv+beta10*emoc+beta11*wait
+beta12*ratio3+beta13*trans_in+beta14*trans_out+beta15*(local*north)
+beta16*(local*central)
+logtotal+b1;
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mu = exp(linp_poisson);
p1 = pi +(1-pi)*exp(-(mdeaths+(1/k))*log(1+k*mu));
p2 = (1-pi)*exp(lgamma(mdeaths+(1/k)) - lgamma(mdeaths+1)-lgamma(1/k)
+mdeaths*log(k*mu)-(mdeaths+(1/k))*log(1+k*mu));
if mdeaths=0 then ll = log(p1);
else ll = log(p2);
model mdeaths ˜ general(ll);
random b1˜normal(0,d11) subject=DISTRITO out=eb_nb2;
predict mu out=mu_nb2;
predict pi out=pi_nb2;
run;
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C. Mapping maternal mortality rate via spatial zero-inflated
models for count data

Maps and histograms for spatial and non-spatial random effects
of SpHZIP (independent-independent)
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(c) Posterior predictive distribution for ϑi (d) Posterior predictive distribution for θi

Figure C1: Maps and histograms of SpHZIP with non-spatial random effects and INTRIN-
SIC bivariate CAR prior for spatial effects (independent - independent). Maps of posterior
mean for ϑi (a) and for ϑi (b). Histograms of posterior predictive distribution for ϑi (c) and
posterior predictive distribution for θi (d)
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Figure C2: Maps and histograms of SpHZIP with independent random effects and IN-
TRINSIC bivariate CAR prior for spatial effects (independent - independent). Maps of
posterior mean for υ1i (a) and for υ2i (b). Histograms of posterior predictive distribution
for υ1i (c) and posterior predictive distribution for υ2i (d)
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Maps and histograms of HZIP (correlated)
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(c) Posterior prediction of maternal deaths
based on the model
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(d) Histogram of observed maternal deaths

Figure C3: Maps and histograms of HZIP with correlated random effects. Maps of posterior
predictions of maternal mortality rate (a), and observed mortality rate (b). Histograms of
posterior predictive counts for maternal deaths (c) and of observed maternal death (d)
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Figure C4: Maps and histograms of HZIP with correlated random effects. Maps of posterior
mean for ϑi (a), and for θi (b). Histograms of posterior predictive distribution for ϑi (c) and
posterior predictive distribution for θi (d)
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Maps and histograms of SpHZIP (correlated) with Intrinsic
CAR
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(c) Posterior prediction of maternal deaths
based on the model
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(d) Histogram of observed maternal deaths

Figure C5: Maps and histograms of SpHZIP with correlated non-spatial random effects
and INTRINSIC CAR prior for spatial effects. Maps of posterior predictions of maternal
mortality rate (a) and observed mortality rate (b). Histograms of posterior predictive counts
of maternal deaths based on the model (c) and of observed maternal death (d)
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Figure C6: Maps and histograms of SpHZIP with correlated non-spatial random effects
and INTRINSIC CAR prior for spatial effects. Maps of posterior mean for θi (a) and for
υi (b). Histograms of posterior predictive distribution for θi (c) and posterior predictive
distribution for υi (d)
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Maps and histograms of SpHZIP (correlated) with Proper CAR
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(c) Posterior prediction of maternal deaths
based on the model
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(d) Histogram of observed maternal deaths

Figure C7: Maps and histograms of SpHZIP with correlated non-spatial random effects
and PROPER CAR prior for spatial effects. Maps of posterior predictions of maternal
mortality rate (a) and observed mortality rate (b). Histograms of posterior predictive counts
of maternal deaths based on the model (c) and of observed maternal death (d)
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Figure C8: Maps and histograms of SpHZIP with correlated non-spatial random effects
and PROPER CAR prior for spatial effects. Maps of posterior mean for θi (a) and for υi (b).
Histograms of posterior predictive distribution for θi (c) and posterior predictive distribution
for υi (d)
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Maps and histograms of SpHZIP (correlated-correlated) with
Intrinsic bivariate CAR
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(c) Posterior prediction of maternal deaths
based on the model

Counts of maternal deaths
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(d) Histogram of observed maternal deaths

Figure C9: Maps and histograms of SpHZIP with correlated non-spatial random effects
and INTRINSIC bivariate CAR prior for spatial effects (correlated - correlated). Maps
of posterior predictions of maternal mortality rate (a) and observed mortality rate (b).
Histograms of posterior predictive counts of maternal deaths based on the model (c) and of
observed maternal death (d)
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Figure C10: Maps and histograms of SpHZIP with correlated non-spatial random effects
and INTRINSIC bivariate CAR prior for spatial effects (correlated - correlated). Maps of
posterior mean for ϑi (a) and for ϑi (b). Histograms of posterior predictive distribution for
ϑi (c) and posterior predictive distribution for θi (d)
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Figure C11: Maps and histograms of SpHZIP with correlated non-spatial random effects
and INTRINSIC bivariate CAR prior for spatial effects (correlated - correlated). Maps of
posterior mean for υ1i (a) and for υ2i (b). Histograms of posterior predictive distribution
for υ1i (c) and posterior predictive distribution for υ2i (d)
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WinBUGS codes for SpHZIP (correlated - correlated)
model{
T<-0
for (i in 1:N){
zeros[i]<- 0
zeros[i]˜dpois(zero.mean[i])
zero.mean[i]<- -l[i]+T

#expression of log-likelihood for observation i
l[i]<- log(pi0[i]*equals(y[i],0) + (1-pi0[i])*fd[i])

#density function for Poisson distribution
fd[i]<- exp(-lambda[i] + y[i]*log(lambda[i]) - loggam(y[i]+1))

#expressions for linear predictors
logit(pi0[i])<-alpha[1]+alpha[2]*x1[i]+alpha[3]*x2[i]+alpha[4]*x7[i]
+alpha[5]*x11[i]+v[id[i],1]+sp[1,id[i]]
log(lambda[i]) <- beta[1]+beta[2]*x1[i]+beta[3]*x2[i]
+beta[4]*x3[i]+beta[5]*x4[i]+beta[6]*x5[i]+beta[7]*x6[i]+beta[8]*x7[i]
+beta[9]*x8[i]+beta[10]*x9[i]+beta[11]*x10[i]+beta[12]*x11[i]
+beta[13]*x12[i]+beta[14]*x13[i]+beta[15]*x14[i]
+beta[16]*x1[i]*x7[i]+beta[17]*x2[i]*x7[i]
+log(x15[i])+v[id[i],2]+sp[2,id[i]]
mu[i]<-(1-pi0[i])*lambda[i]
}

#model parameter priors
for (k in 1:5){
alpha[k]˜ dnorm(0,tau.alpha)
}
for (k in 1:17){
beta[k]˜ dnorm(0,tau.beta)
}
#hyper-priors
tau.alpha˜dgamma(1.0E-5,1.0E-5)
tau.beta˜dgamma(1.0E-5,1.0E-5)

#non-spatial priors
for(j in 1:128){
v[j, 1:2]˜ dmnorm(zero[], prec.Sigma[,])
}
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# spatial priors
sp[1:2, 1:128] ˜ mv.car(adj[], weights[], num[], omega.sp[,])

# prior on precision matrix for spatial effects
omega.sp[1:2,1:2] ˜dwish(Q[,],2)
for (h in 1:2) {for (f in 1:2) {Q[h,f] <- equals(h,f)*0.1}}
# covariance matrix
Sig[1:2,1:2] <- inverse(omega.sp[,])
rho.sp <- Sig[1,2]/sqrt(Sig[1,1]*Sig[2,2])

#covariance matrix for the non-spatial random effects
Omega[1,1] <- 1
Omega[2,2] <- 1
Omega[1,2] <- 0
Omega[2,1] <- 0
prec.Sigma[1:2, 1:2] ˜ dwish(Omega[,], 2)
Sigma[1:2,1:2] <- inverse(prec.Sigma[,])
zero[1]<-0
zero[2]<-0
rho<-Sigma[1,2]/sqrt(Sigma[1,1]*Sigma[2,2])

#Briers score
for (j in 1:1){
for (z in 1: N){
# if y>0 branch
ppo_branch[z, 1]<-(1-pi0[z])*exp(-lambda[z] + y[z]*log(lambda[z])
- loggam(y[z]+1))
# else branch
ppo_branch[z, 2]<-pi0[z]+(1-pi0[z])*exp(-lambda[z] + y[z]*log(lambda[z])
- loggam(y[z]+1))
if_branch[z] <- 1 + step(-(y[z] - 0.5)) # 1 for "then" branch,
2 for "else" branch
ppo[z]<- ppo_branch[z, if_branch[z]]
Bsc[j,z]<-pow(ppo[z]-equals(y[z],y[z]),2)
}
B.score[j]<--sum(Bsc[j,1:N])/N}
}
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D. Joint analysis of event time with informative censoring

Derivation of the likelihood for the joint model

The log likelihood for the joint model assuming a ZIG distribution with random effects
follows from:

`(Θ,σ) =
∑N
i

{
log
∫
bi

[∏ni
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]
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where logit(πij) = x4ijβ4 + b3i and the gamma p.d.f. for a positive random variable
with shape ν−1 and scale αij = ν/µyij , is re-parametrized as
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and the conditional mean µyij is modeled as in (5.7), and Θ =
(p−1, q−1

1 , q−1
2 ,β1,β2,β3,β4, φ, ς) and σ = (σ2

b1
, σ2
b2
, σ2
b3

) are two sets of pa-
rameters related to the joint density fT,D(tij , dij) and the random effects variance
components, respectively. The full data log likelihood can then be written as
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SAS codes for the Joint model of time T and D with random
intercepts

Following is the SAS/STAT NLMIXED codes for the joint model assuming ZIG distribu-
tion for time T.
Model specification is as follows:

• ctype=type of complication, 1=obstetric (ref) and 2=non-obstetric;

• hftype=health facility type, 1=central hospitals (ref), 2=provin-
cial+general+rural hospitals (hospitals) and 3= health centers type
I+II+III+health posts (centers);

• age= patient’s age categories, 0=>25 (ref) and 1=≤25;

• referred= whether patient was referred, 0=no (ref) and 1=yes;

• staff= availability at HF of staff necessary for emergency obstetric care or
surgical intervention, 0= no (ref) and 1=yes;

• timeZ=dij − tij , time to death since treatment;

• upa=primary unit of sampling (health facilities).
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proc nlmixed data=data QMAX=100 QTOL=1E-6 maxiter=1000;
parms p=1.0403 q1=0.6521 q2=0.7649 b04=-0.8463 b14=-0.1 b24=0.2343
b34=-0.4443 b44=-0.34556 b54=0.4566 b64=1.4553
b01=2.080 b11=1.223 b21=-1.231 b31=2.223 b41=3.024 b51=1.211 b61=1.298
b02=4.6863 b12=-0.004 b22=0.002 b32=-.4596 b42=2.2112 b52=-1.2311
b03=4.9234 b13=0.001 b23=0.13 b33=0.1 b43=-0.1234 b53=1.211 b63=1.2987
b73=-0.1234 phi=-0.00975
c=-0.1023 sigma1=0.1 sigma2=0.1 sigma3=0.1;
bounds p>0, q1>0, q2>0;

/*linear predictors*/
/*for time T model*/
linp1=b01+b11*(ctype=2)+b21*(hftype=2)+b31*(hftype=3)+b41*referred
+b51*staff+b61*staff*(hftype=2)+b1;

/*time D model (when t=0)*/
linp2=b02+b12*(ctype=2)+b22*(hftype=2)+b32*(hftype=3)+b42*age
+b52*(ctype=2)*(hftype=2)+b2;

/*time D model (when t>0)*/
linp3=b03+b13*(ctype=2)+b23*(hftype=2)+b33*(hftype=3)+b43*referred
+b53*staff+b63*staff*(hftype=2)+phi*timeT+b73*timeT*staff+c*b2;

/*for probability model*/
linp4=b04+b14*(ctype=2)+b24*(hftype=2)+b34*(hftype=3)
+b44*staff+ b54*(ctype=2)*(hftype=2)+b64*staff*(hftype=2)+b3;

/*conditional means*/
muT=exp(linp1);
muD1=exp(linp2);
muD2=exp(linp3)+timeT;
pi=exp(linp4)/(1+exp(linp4));

/*loglikelihood when t=0*/
if zeroI=1 then
llik=log(1-pi)+(q1-1)*log(timeZ)+q1*log(q1)-q1*log(muD1)
-(q1/muD1)*timeZ-lgamma(q1);

/*loglikelihood when t>0*/
else
llik=log(pi)+(p-1)*log(timeT)+p*log(p)-p*log(muT)-(p/muT)*timeT-lgamma(p)
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+(q2-1)*log(timeZ)+q2*log(q2)-q2*log(muD2)-(q2/muD2)*timeZ-lgamma(q2);

model llik ˜ general(llik);
random b1 b2 b3 ˜ normal([0,0,0],[sigma1**2,0,sigma2**2,0,0,sigma3**2])
subject=upa;
run;
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Figure D1: Histogram and estimated means using model (5.5) when no covariates are
included.
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Diagnostics plots
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Figure D2: Diagnostics plots for time Tij and Dij for fitted ZILN models (5.5) and (5.7).
Plot (a) shows the predicted and observed data for Tij > 0 while (b) is for Tij > 0 with
random effects bi. Plots (c) and (d) shows predicted vs. observed for Dij |tij = 0 and
Dij |tij = 0, bi, respectively, while (e) is for Dij |tij > 0 and (f) Dij |tij > 0, bi
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Figure D3: Diagnostics plots for time Tij and Dij for fitted ZIG models (5.5) and (5.7).
Plot (a) shows the predicted and observed data for Tij > 0 while (b) is for Tij > 0 with
random effects bi. Plots (c) and (d) shows predicted vs. observed for Dij |tij = 0 and
Dij |tij = 0, bi, respectively, while (e) is for Dij |tij > 0 and (f) Dij |tij > 0, bi
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Figure D4: Fitted model for Dij |tij > 0 from ZIG models (5.5) in panel (a) and (5.7) in
panel (b). The fitted curves are for cause=obstetric in blue and cause=non-obstetric
in red, and HF type=hospitals, referred=no and staff=no.
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E. Joint models for mixed categorical outcomes

SAS program, using the procedure NLMIXED, for the CR-PO CORRELATED model is
as follows:

PROC NLMIXED DATA=insida qpoints=5 maxiter=100000 technique=newrap;
PARMS a1=-1.2480 a_1=0.3742 a_2=0.7509 a_3=-0.6993 a_4=0.07603 a_5=0.1229
a_6=0.1580 a_7=0.2211 a2=0.4588
a_8=0.6806 a_9=-0.3416 a_10=-0.5496 a_11=-0.1228 a_12=-0.09188 a_13=0.3604
a_14=-0.5242 a3=-1.5882 b0=-3.6088
b_1=-0.9307 b_2=0.5189 b_3=0.3001 b_4=0.9769 b_5=0.7730 b_6=0.4735 b_7=0.2184
theta1=0.6813 c_1=-0.7043 c_2=-0.1914 c_3=-0.2364 theta2=-0.5696 c_4=-0.1183
c_5=-0.4072 c_6=-0.2855 theta3=-0.1200 c1=8.8772 c2=8.0728 d2=0.3996
d3=-0.01806 d11=0.02151 d12=-0.05807 d22=2.4214;

*Statements for the linear predictors;
lin1 = a1+a_1*(place=2)+ a_2*(sex=2)+ a_3*(know=1)+ a_4*(age_cat=2)
+ a_5*(age_cat=3)+a_6*(age_cat=4)+ a_7*rsb+b1;
lin2 = a2+a_8*(place=2)+ a_9*(sex=2)+a_10*(know=1)+a_11*(age_cat=2)
+ a_12*(age_cat=3)+ a_13*(age_cat=4)+ a_14*rsb+c1*b1;
lin3 = a3+a_8*(place=2)+ a_9*(sex=2)+a_10*(know=1)+a_11*(age_cat=2)
+ a_12*(age_cat=3)+ a_13*(age_cat=4)+ a_14*rsb+c2*b1;
lin4= b0+b_1*(place=2)+ b_2*(sex=2)+b_3*(know=1)+b_4*(age_cat=2)
+ b_5*(age_cat=3)+b_6*(age_cat=4)+b_7*rsb+b2;
eta1=theta1+c_1*(age_cat=2) + c_2*(age_cat=3)+ c_3*(age_cat=4)+d1*b2;
eta2=theta2+c_4*(age_cat=2) + c_5*(age_cat=3)+ c_6*(age_cat=4)+d2*b2;
eta3=theta3+c_4*(age_cat=2) + c_5*(age_cat=3)+ c_6*(age_cat=4)+d3*b2;

/* Statements to compute response probabilities and odds ratios*/;
*Marginal probability of perception of risk=Do no know:P(y1=0);
p1_1 = 1 / (1 + exp(-lin1));

*Marginal probability of perception of risk=No risk:P(y1=1);
p2_1 = (1 / (1 + exp(-lin2)))*(1 - p1_1);

*Marginal probability of perception of risk=Low risk: P(y1=2);
p3_1 = (1 / (1 + exp(-lin3)))*(1 - p1_1 - p2_1);

*Marginal probability of perception of risk=High risk:P(y1=3);
p4_1 = 1 - (p1_1 + p2_1 + p3_1);

*Marginal probability of disease status=Positive: P(y2=1);
p1_2 = 1 / (1 + exp(-lin4));

*[P(y1<=0,y2=1)P(y1>0,y2=0)]/[P(y1>0,y2=1)P(y1<=0,y2=0)];
OR1 = exp(eta1);
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*[P(y1<=1,y2=1)P(y1>1,y2=0)]/[P(y1>1,y2<=1)P(y1=1,y2=0)];
OR2 = exp(eta2);
*[P(y1<=2,y2=1)P(y1>2,y2=0)]/[P(y1>2,y2=1)P(y1<=2,y2=0)];
OR3 = exp(eta3);

*Statements to compute joint probabilities;
p11 = ((1+((p1_1+p1_2)*(OR1-1)))-((1+((p1_1+p1_2)*(OR1-1)))**2-4*OR1
*(OR1-1)*p1_1*p1_2)**0.5)/(2*(OR1-1));
p10 = p1_1 - p11;
p21=((1+(p2_1+p1_2-p11)*(OR2-1)-p1_1)-((1+(p2_1+p1_2-p11)*(OR2-1)-p1_1)**2
-4*OR2*(OR2-1)*p2_1*(p1_2-p11))**0.5)/(2*(OR2-1));
p20=p2_1-p21;
p31=(((1+(p3_1+p2_1+p1_2-p11)*(OR3-1)-p1_1)-((1+(p3_1+p2_1+p1_2-p11)
*(OR3-1)-p1_1)**2-4*(OR3-1)*OR3*(p3_1+p2_1)
*(p1_2-p11))**0.5)/(2*(OR3-1)))-p21;
p30=p3_1-p31;
p41=p1_2-p31-p21-p11;
p40=p4_1-p41;

* The multinomial loglikelihood Equations;
ll = (prk=0)*(test=1)*log(p11)+(prk=0)*(test=0)*log(p10)+(prk=1)*(test=1)
*log(p21)+(prk=1)*(test=0)*log(p20)+
(prk=2)*(test=1)*log(p31)+(prk=2)*(test=0)*log(p30)+(prk=3)*(test=1)*log(p41)
+(prk=3)*(test=0)*log(p40); * ascending;

* Estimate model;
MODEL ll ˜ general(ll);
random b1 b2˜normal([0,0],[d11,d12,d22]) subject=HouseholdID;
Estimate ’rho’ d12/(sqrt(d11*d22));
Estimate ’sigma2_3’ d22*(d1**2);
Estimate ’gamma_31’ d2/d1;
Estimate ’gamma_32’ d3/d1;
RUN;
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Table D1: Parameter estimates for joint model with ZIG distribution.

JZIG model HJZIG model
Estimate s.e. Estimate s.e.

Model for time Tij
p−1 1.1448 0.1381 ∗∗∗ 1.1448 0.1382 ∗∗∗

intercept 2.8439 0.3585 ∗∗∗ 2.8475 0.3587 ∗∗∗

ctype(non-obstetric) -0.07762 0.2149 -0.07881 0.2150
hftype(hospitals) -0.5500 0.2911 ∗ -0.5516 0.2912 ∗

hftype(centers) 0.7501 0.6239 0.7272 0.6207
referred(yes) -0.4011 0.2248 ∗ -0.4037 0.2249 ∗

staff(yes) -1.1216 0.4198 ∗∗∗ -1.1182 0.4204 ∗∗∗

staff(yes)×hftype(hospitals) 1.2266 0.5133 ∗∗ 1.2239 0.5138 ∗∗

Model for time Dij |tij=0
q−1
1 0.7077 0.05176 ∗∗∗ 0.8335 0.06448 ∗∗∗

intercept 4.7045 0.1512 ∗∗∗ 4.2880 0.3882 ∗∗∗

ctype(non-obstetric) 0.4091 0.2347 ∗ 0.4054 0.2159 ∗

hftype(hospitals) 0.2832 0.1756 0.2730 0.4152
hftype(centers) -1.4817 0.4001 ∗∗∗ -1.0033 0.5634 ∗

age -0.3077 0.1466 ∗∗ -0.2408 0.1524
ctype(non-obstetric)×hftype(hospitals) -1.0311 0.3324 ∗∗∗ -0.5475 0.3315

Model for time Dij |tij>0
q−1
2 0.9142 0.1082 ∗∗∗ 0.9143 0.1082 ∗∗∗

intercept 2.7632 0.4828 ∗∗∗ 2.7677 0.4833 ∗∗∗

ctype(non-obstetric) 0.5958 0.2617 ∗∗ 0.5907 0.2626 ∗∗

hftype(hospitals) 1.0464 0.3808 ∗∗∗ 1.0454 0.3809 ∗∗∗

hftype(centers) -0.02140 0.9074 -0.03267 0.9101
referred(yes) 0.5060 0.2760 ∗ 0.5020 0.2798 ∗

staff(yes) 2.0644 0.5309 ∗∗∗ 2.0602 0.5308 ∗∗∗

staff(yes)×hftype(hospitals) -1.8502 0.5797 ∗∗∗ -1.8449 0.5801 ∗∗∗

tij 0.02882 0.01868 0.02892 0.01878
staff(yes)×tij -0.07558 0.03935 ∗ -0.07542 0.03955 ∗

Model for πij
intercept -1.8890 0.3100 ∗∗∗ -1.7222 0.4839 ∗∗∗

ctype(non-obstetric) -0.7626 0.6289 -0.6348 0.6489
hftype(hospitals) 1.0033 0.3626 ∗∗∗ 0.8821 0.5371
hftype(centers) -1.8448 0.8476 ∗∗ -1.5020 0.9793
staff(yes) 2.5456 0.5946 ∗∗∗ 1.9156 0.6401 ∗∗∗

staff(yes)×hftype(hospitals) 1.3637 0.6998 ∗ 1.1678 0.7307
ctype(non-obstetric)×hftype(hospitals) -1.7782 0.6940 ∗∗ -1.2239 0.7559

Variance components
ς — — -0.00927 0.2790
σ2
b1i

— — 0.00004 0.001028
σ2
b2i

— — 0.3469 0.1370 ∗∗∗

σ2
b3i

— — 0.3647 0.2245 ∗∗∗

* p-value< 0.1.
** p-value< 0.05.
*** p-value< 0.01.
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Table D2: Parameter estimates for joint model with ZILNG distribution.

JZILNG model HJZILNG model
Estimate s.e. Estimate s.e.

Model for time Tij
σ2 1.1021 0.1493 ∗∗∗ 1.1020 0.1493 ∗∗∗

intercept 0.8218 0.2019 ∗∗∗ 0.8212 0.2020 ∗∗∗

ctype(non-obstetric) 0.08693 0.1483 0.08589 0.1484
hftype(hospitals) -0.3469 0.1734 ∗∗ -0.3445 0.1738 ∗

hftype(centers) 0.7680 0.5144 0.7343 0.5022
referred(yes) -0.1331 0.1579 -0.1352 0.1577
staff(yes) -0.8432 0.4046 ∗∗ -0.8127 0.3897 ∗∗

staff(yes)×hftype(hospitals) 0.8284 0.4416 ∗ 0.7956 0.4286 ∗

Model for time Dij |tij=0
q−1
1 0.7077 0.05177 ∗∗∗ 0.8335 0.06448 ∗∗∗

intercept 4.7004 0.1510 ∗∗∗ 4.2896 0.3878 ∗∗∗

ctype(non-obstetric) 0.4134 0.2344 ∗ 0.4070 0.2159 ∗

hftype(hospitals) 0.2885 0.1753 0.2715 0.4149
hftype(centers) -1.4364 0.4072 ∗∗∗ -1.0028 0.5624 ∗

age -0.3094 0.1466 ∗∗ -0.2416 0.1519
ctype(non-obstetric)×hftype(hospitals) -1.0356 0.3322 ∗∗∗ -0.5505 0.3314

Model for time Dij |tij>0
q−1
2 0.1674 0.01720 ∗∗∗ 0.1675 0.01720 ∗∗∗

intercept 2.8371 1.1357 ∗∗ 2.7769 1.130 ∗∗

ctype(non-obstetric) 0.5674 0.6088 0.5817 0.6123
hftype(hospitals) 0.9687 0.8970 1.0439 0.8909
hftype(centers) 0.05424 2.1402 0.03162 2.1335
referred(yes) 0.4893 0.6428 0.5008 0.6510
staff(yes) 2.0175 1.2476 2.0343 1.2361
staff(yes)×hftype(hospitals) -1.7373 1.3641 -1.8240 1.3515
tij 0.02959 0.04356 0.02867 0.04381
staff(yes)×tij -0.07995 0.09252 -0.07549 0.09235

Model for πij
intercept -1.8678 0.3077 ∗∗∗ -1.7036 0.4825 ∗∗∗

ctype(non-obstetric) -0.7488 0.6225 -0.6899 0.6554
hftype(hospitals) 0.9754 0.3608 ∗∗∗ 0.8611 0.5359
hftype(centers) -1.8764 0.8460 ∗∗ -1.5388 0.9801
staff(yes) 2.5900 0.5972 ∗∗∗ 1.9277 0.6414 ∗∗∗

staff(yes)×hftype(hospitals) 1.3585 0.6941 ∗ 1.2277 0.7363
ctype(non-obstetric)×hftype(hospitals) -1.8394 0.6963 ∗∗ -1.2338 0.7569

Variance components
ς — — -0.00975 0.5220
σ2
b1i

— — 0.00004 0.000002
σ2
b2i

— — 0.3465 0.1366 ∗∗∗

σ2
b3i

— — 0.3629 0.2239 ∗∗∗

* p-value< 0.1.
** p-value< 0.05.
*** p-value< 0.01.



Summary

Statistical modeling consists of approximating or representing the data generating
process through mathematical models incorporating a set of distributional assump-
tions for the sampled data. In this thesis we developed flexible statistical models
taking into account necessary data complexities such as mixture distributions and
heterogeneity, using available information and latent structures.

Our models fall within the class of two-part models and were applied to data
on reproductive health from Mozambique, specifically to data on facility-based
maternal mortality and HIV/AIDS. Reproductive health addresses the reproductive
functions and systems at all stages of life, so that men and women are able to have a
responsible, satisfying and safer sex life and that they have the capability to reproduce
and to have access to appropriate health care services that will enable women to go
safely through pregnancy and childbirth. Lack of skilled human resources at all levels
and of research for critical issues in maternal and child health, have been pointed
out as the two main challenges of any maternal and child mortality reduction plan in
Mozambique. On the other hand, Mozambique is one of the countries most affected
by HIV with an estimated HIV prevalence of 11% in 2015. A national strategy to
fight HIV/AIDS was drawn based on individual behavioral changes (reduction of
multiple sexual partners, increase of consistent use of condom and treatment of STIs)
and cognitive factors such as knowledge, attitudes, beliefs and skills. This assumes
that perceiving oneself at risk of contracting HIV is the first step to change his/her
sexual behavior. However, and despite the high HIV prevalence, individual risk
perceptions among Mozambicans substantially underestimate the personal risk. The
analyses in this thesis are organized in two parts, the first consisting of zero-inflated
models for discrete and continuous data applied to maternal mortality and the second
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on a class of bivariate logistic models on perceived risk and HIV/AIDS disease status.

In Chapter 3 we used data from the Needs in Maternal and Neonatal Health
survey in Mozambique, to model the counts of facility-based maternal deaths while
relating them to risk factors within the health facilities. Count data are very
common in health care services research, and very commonly the basic Poisson
regression model has to be extended in several ways to accommodate several sources
of heterogeneity: i) an excess number of zeros relative to a Poisson distribution,
ii) hierarchical structures and correlated data, iii) remaining “unexplained” sources
of overdispersion. In order to account for all these sources of heterogeneity, we
introduced hierarchical zero-inflated and overdispersed models with independent,
correlated and shared random effects for both components of the two-part model.
We showed that all different extensions of the Poisson model can be based on the
concept of mixture models, and that they can be combined to account for several
different sources of heterogeneity. Expressions for the first two moments were derived
and discussed. We used likelihood based inference assuming that data were missing
completely at random, and thus missing values were discarded. Relevant risk factors
were region (north, center and south), location of health facility (inside or outside
district capital), type of health facility (central hospital, general hospital, health
centers I, II,III and health posts), existence of emergence obstetric care (yes or
no), waiting house (or room, yes or no), proportion of HIV and malaria cases (over
obstetric admissions), ratio of medical doctors (over total number of medical staff)
and proportion of referrals from and to the health facility. The final model shows
that the maternal mortality rate mainly depends on the geographical location of the
health facility, the percentage of women admitted with HIV and the percentage of
referrals from the health facility.

In Chapter 4 the zero-inflated Poisson and zero-inflated negative binomial models
were extended to include spatial effects when modeling institutional maternal
mortality rate. In addition to overdispersion due to excessive zeros and hierarchical
data structures, the proposed models can handle spatial structured effects in a
flexible way by adding the spatial effects as latent random variables, specified
within the family of generalized linear mixed models. The models were applied
using the Bayesian framework, as it is natural to implement the Bayesian models
in a hierarchical structure, and also as it allows the bivariate intrinsic conditional
autoregressive model formulation with a bivariate normal distribution for spatial
and non-spatial random effects. An independence structure was imposed for the
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multivariate distribution of spatial and non-spatial random effects, and it was shown
that complex models need not always be preferred if similar fits can be accomplished
with relatively simpler models. It was also found that there was no sufficient variabil-
ity in the data to support spatial and non-spatial between-component correlations.
In addition, with a high proportion of structural zeros in the data, we noted that
adding random effects to the binomial component of the model need some precaution
and other statistical tools need to be considered in the verification of adequacy
of random effects. Maps were used to highlight areas with increased and reduced
mortality rate and, in general, such areas were located in South and North of Mozam-
bique, respectively. Because the non-spatial variation dominated the spatial, there
was relatively little smoothing in the maps of the maternal mortality rates, despite
the elevated spatial effects presented in the South and central regions of Mozambique.

Time to event data are also frequent in the analysis of access to maternal
care. This could be time to a specific treatment, disease, or time to death. Delays
to access quality care, due to either long distances to travel to hospital or a poor
referral system, remains an important determinant of preventable maternal death
in Mozambique. When studying the time to receive care it is not rare to encounter
right skewed nonnegative data that also show excess zero values. It can happen
that complicated cases are rushed to emergence blocks and there they receive
treatment (or die) within minutes of admission. In Chapter 5 we jointly analyzed
the time to treatment and time to death within health facilities and compare the
event times between subjects diagnosed with obstetric complications, i.e., directly
linked to pregnancy (such as hemorrhages, eclampsias, sepsis, etc) and with indirect
complications (malaria, HIV/AIDS, etc), while adjusting for facility resources,
patient and referral related factors. Our approach combines models for competing
risk and mixture models, and it is comprised of a two-part generalized linear mixed
model for time to treatment and for time to death (conditional on time to treat-
ment). This model formulation is flexible enough to incorporate the semi-continuous
time to treatment (when observed) and its relation with time to death, as well
as unobserved heterogeneity at health facility level. We assumed a zero-inflated
gamma and zero-inflated lognormal distribution for time to treatment coupled with a
gamma distribution for time to death, and although the results showed that a lot of
variability in the data remained unexplained, it was nevertheless worth to investigate
risk factors associated with delays to treatment and death within health institutions.
For instance, the results indicated that the distribution on nonzero values of time to
treatment was significantly affected by the quality of infrastructure and of human
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resources available, and the structural functioning of the referral system. Also, the
expected time to death, conditional on early or late treatment time, was consistently
lower for patients with direct obstetric complication. We found an association
between time to treatment and time to death conditional on existence of medical
staff to perform emergence obstetric care, with a decreasing expected time to death
for an hour increase in time to treatment when medical staff was available, in central
hospitals. This result implies that in well-resourced or equipped health facilities the
expected survival time of patients is shortened by an increase in waiting time to
received treatment.

In Chapter 6 we used the data from the National Survey of Prevalence, Risk
Behavior and Information about HIV and AIDS in Mozambique to study the joint
distribution of an individual’s perceived risk of HIV infection (quadrinomial with
an “unknown risk” category) and his HIV infection status (binary) as a function of
several covariates on the individual level (such as age, gender, etc) as well as on the
household level (such as household size, etc). Jointly analyzing perception of risk and
HIV status provides more insights into their association and can be used, e.g. to test
whether the association is homogeneous across the ordinal scale of perception, while
accounting for the characteristics at the individual and at the household level. Two
types of bivariate models for categorical response variables are introduced to deal
with special categories such as “unsure” or “unknown” in combination with other
ordinal categories, while taking additional hierarchical data structures into account.
One model starts with a continuation ratio-logits model for perceived risk outcome,
being a natural choice in this particular setting, and combines it with the binomial
distribution of HIV infection status using global cross-product ratios as marginal
association measures. The second model follows the same construct but starts with
a model for perceived risk that combines continuation-ratio logits with cumulative
logits (proportional odds), and we showed that this is the best fitting approach. We
proposed a full likelihood implementation of these models with different multivariate
random effects structures. We noted, however, that such approach might become
a real challenge to larger tables and thus comes with a computation burden. A
Generalized Estimating Equations (GEE) approach is a natural alternative. However,
implementing this approach and fitting such a model to our data with different types
of working correlations is beyond the scope of this thesis. The results indicate that
the individual’s age had a significant effect on the association between HIV risk
perception and infection status. The odds of HIV positive when one does not know
his/her risk is estimated as twice as large as of knowing the risk for the younger age
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groups.

In Chapter 7 we present a summary of statistical applications related to the
theme of reproductive health and HIV/AIDS in the Mozambican context. It serves
as an illustration of potential applications of the models discussed in this thesis.
It consists of 4 collaborative research projects focusing on facility-based maternal
mortality, healthcare utilization and HIV risk perception and sexual behavior of
migrant miners in Mozambique.





Samenvatting

Statistische modellering bestaat uit het benaderen of representeren van het data-
generatieproces door middel van wiskundige modellen. In dit proefschrift werden
flexibele statistische modellen ontwikkeld die rekening houden met verschillende
complexiteiten en bronnen van heterogeniteit in de data, zoals modellen gebaseerd
op mengverdelingen en latente structuren.

Onze modellen vallen binnen de klasse van tweedelige modellen en werden toe-
gepast op gegevens over de reproductieve gezondheid in Mozambique, met name
op gegevens over maternale mortaliteit en HIV/AIDS. Reproductieve gezondheid
behandelt de voortplantingsfuncties en -systemen in alle stadia van het leven,
zodat mannen en vrouwen in staat zijn om een verantwoordelijk, bevredigend
en veiliger seksleven te hebben en dat ze de mogelijkheid hebben om kinderen
te krijgen en daarbij toegang te hebben tot gepaste gezondheidszorgdiensten die
vrouwen in staat stellen zwangerschap en bevalling op een veilige manier te beleven.
Gebrek aan bekwame en goed opgeleide human resources op alle niveaus en and
onderzoek naar kritische problemen in de gezondheid van moeder en kind, zijn
aangeduid als de twee belangrijkste uitdagingen van elk beleidsplan voor moeder-
en kindersterftevermindering in Mozambique. Anderzijds is Mozambique één van de
landen die het meest getroffen zijn door HIV, met een geschatte HIV-prevalentie van
11% in 2015. Een nationale strategie om HIV/AIDS te bestrijden werd ontworpen
op basis van individuele gedragsveranderingen (vermindering van meerdere seksuele
partners, verhoging van het consistente gebruik van condoom en behandeling van
STI’s) en cognitieve factoren zoals kennis, attitudes, overtuigingen en vaardigheden.
Dit veronderstelt dat men zich bewust is van het risico van HIV, wat de eerste
stap is om zijn seksuele gedrag te veranderen. Ondanks de hoge HIV-prevalentie
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onderschatten vele Mozambicanen echter hun persoonlijke risico op HIV infectie. De
analyses in dit proefschrift zijn in twee delen georganiseerd. Het eerste bestaat uit
“zero-inflated” modellen voor discrete en continue data, toegepast op gegevens van
maternale mortaliteit. Het tweede deel introduceert en bestudeert een klasse van
bivariate logistieke modellen, toegepast op zelfingeschat risico en HIV/AIDS status.

In Hoofdstuk 3 worden gegevens gebruikt uit de “Needs in Maternal and Neo-
natal Health” survey in Mozambique, meer bepaald om het aantal gevallen van
maternale mortaliteit te modelleren rekening houdend met de risicofactoren binnen
de gezondheidszorginstellingen. Aantallen zijn heel gebruikelijk in gezondheidszor-
gonderzoek, en zeer vaak moet het Poisson regressie-basismodel uitgebreid worden
om verschillende bronnen van heterogeniteit te representeren: i) een overmaat aan
nul-observaties ten opzichte van een Poisson-verdeling, ii) hiërarchische structuren en
gecorreleerde data, iii) “onverklaarde” bronnen van heterogeniteit of overdispersie.
Om rekening te houden met al deze bronnen van heterogeniteit worden hiërarchische
“zero-inflated” en “overdispersed” modelcomponenten in een tweedelig model gecom-
bineerd met onafhankelijke, gecorreleerde en gedeelde random effecten. We hebben
aangetoond dat alle verschillende uitbreidingen van het Poisson-model gebaseerd zijn
op het concept van mengmodellen, en dat ze gecombineerd kunnen worden op een
manier dat er rekening wordt gehouden met verschillende heterogeniteitsbronnen.
Uitdrukkingen voor de eerste twee momenten (gemiddelde en variantie) werden
afgeleid en besproken. We hebben gebruik gemaakt van inferentie van maximale
waarschijnlijkheid, waarbij werd ondersteld dat ontbrekende gegevens volledig
willekeurig ontbreken. Relevante risicofactoren waren regio (noord, centrum en zuid),
locatie van de gezondheidsfaciliteit (binnen- of buitenwijk), soort gezondheidsfacili-
teit (centraal ziekenhuis, algemeen ziekenhuis, gezondheidscentra type I, II, III en
gezondheidsposten), het bestaan van verloskundige spoedgevallenzorg (ja of nee),
beschikbaarheid wachtkamer (ja of nee), proportie hiv en malaria gevallen, ratio
van artsen (t.o.v. totaal aantal medisch personeel) en proportie verwijzingen van en
naar de gezondheidsfaciliteit. Uit het laatste model blijkt dat de sterftecijfers van de
moeders vooral afhangen van de geografische ligging van de gezondheidsfaciliteit, het
percentage vrouwen die met HIV werden opgenomen en het percentage verwijzingen
van de gezondheidsfaciliteit.

In Hoofdstuk 4 werden de zero-inflated Poisson en zero-inflated negatief bino-
mial modellen uitgebreid om ruimtelijke effecten te omvatten bij het modelleren van
institutionele moedersterfte. Naast overdispersie door overmatige nul-observaties en
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hiërarchische datastructuren, kunnen de voorgestelde modellen ruimtelijk gestructu-
reerde effecten op een flexibele manier behandelen door de ruimtelijke effecten toe
te voegen als latente willekeurige variabelen zoals gespecificeerd in de generaliseerde
lineaire gemengde modellen. Deze modellen werden toegepast binnen het Bayesiaanse
inferentieel kader, omdat het modelmatig en compuationeel aantrekkelijk is om de
Bayesische modellen in een hierarchische structuur uit te voeren, en ook omdat
het de bivariate intrinsiek conditional autoregressieve modelformulering mogelijk
maakt met een bivariate normale verdeling voor ruimtelijke en niet-ruimtelijke
willekeurige effecten. Een onafhankelijkheidsstructuur werd opgelegd voor de
multivariate verdeling van ruimtelijke en niet-ruimtelijke willekeurige effecten, en
er werd aangetoond dat complexe modellen niet altijd de voorkeur hebben als
vergelijkbare fits kunnen worden bereikt met relatief eenvoudiger modellen. We
vonden ook dat er geen voldoende variabiliteit in de data was om ruimtelijke en
niet-ruimtelijke correlaties tussen de componenten te ondersteunen. Kaarten werden
gebruikt om gebieden met sterftecijfers hoger of lager dan gemiddeld te benadrukken
en in het algemeen waren dergelijke gebieden in respectievelijk Zuid- en Noord-
Mozambique gevestigd. Omdat de niet-ruimtelijke variatie de ruimtelijke domineerde,
was er in de kaarten van de moedersterftecijfers niet veel spatiale uitvlakking, on-
danks het verhoogde ruimtelijke effect in de zuid- en centrale regio’s van Mozambique.

Gegevens van het type “duur of wachttijd tot een gebeurtenis” komen ook
vaak voor in studies over de toegankelijkheid tot maternale zorg. Dit kan de duur
zijn tot een specifieke behandeling, ziekte of tijdsduur tot overlijden. Vertragingen
om toegang te krijgen tot kwaliteitszorg, door lange afstanden naar het ziekenhuis
of een slecht doorverwijzingssysteem, blijven de belangrijke determinanten van
preventieve moedersterfte in Mozambique. Wachttijden om zorg te ontvangen zijn
vaak heel scheef verdeeld en met de aanwezigheid van nul-observaties. Het kan
immers gebeuren dat ingewikkelde spoedgevallen direct toegang krijgen tot de
behandeling in spoeddiensten, of onmiddellijk sterven. In Hoofdstuk 5 hebben we
de wachttijd tot de behandeling en de tijd tot overlijden gezamenlijk bestudeerd
en gemodelleerd, binnen de gezondheidsvoorzieningen, en werden vrouwen gedia-
gnosticeerd met obstetrische complicaties, dwz direct gekoppeld aan zwangerschap
(zoals bloedingen, eclampsieën, sepsis, etc.) en met indirecte complicaties (malaria,
HIV/AIDS, etc.) vergeleken, terwijl er gecorrigeerd wordt voor andere factoren.
Onze aanpak combineert modellen voor concurrerende risico’s en mengmodellen,
en bestaat uit een tweedelig gegeneraliseerd lineair gemengd model voor de tijd
tot de behandeling en de tijd tot het overlijden (afhankelijk van de tijd tot de
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behandeling). Deze modelformulering is flexibel genoeg om de semi-continue tijd
tot de behandeling (wanneer waargenomen) en de relatie met de tijd tot overlijden
op te nemen, gecombineerd met eventuele onopgemerkte heterogeniteit op niveau
van de gezondheidsfaciliteit. Een zero-inflated gamma en zero-inflated lognormale
verdeling voor de tijd tot de behandeling in combinatie met een gammaverdeling
voor de tijd tot overlijden werd toegepast, en hoewel nog veel variabiliteit niet werd
verklaard door deze modellen, was het toch de moeite waard om risicofactoren te
onderzoeken geassocieerd met vertragingen bij de behandeling en tijd tot overlijden
binnen de gezondheidsinstellingen. Zo blijkt uit de resultaten dat de verdeling van
positieve tijden tot behandeling significant werd beinvloed door de kwaliteit van de
infrastructuur en de beschikbare human resources en de structurele werking van het
doorverwijzingssysteem. Ook de verwachte tijd tot overlijden, afhankelijk van vroege
of late behandeltijd, was consistent lager voor patienten met directe verloskundige
complicaties. Er werd een associatie vastgesteld tussen de tijd tot behandeling en de
tijd tot overlijden, afhankelijk van de beschikbaarheid van medisch personeel, met
een daling van de verwachte tijd tot overlijden bij een toename van de tijd tot de
behandeling, wanneer medisch personeel beschikbaar was in centrale ziekenhuizen.
Dit resultaat impliceert dat in goed uitgeruste gezondheidsfaciliteiten de verwachte
overlevingstijd van patienten afneemt bij een toename van de wachttijd tot de
behandeling.

In Hoofdstuk 6 hebben we de gegevens van het “Nationaal Survey of Preva-
lence, Risk Behaviour and Information” over HIV en AIDS in Mozambique gebruikt
om de gezamenlijke verdeling van het zelf ingeschatte risico van HIV-infectie te onder-
zoeken (quadrinomiaal met een categorie “onbekend risico”) en de HIV-infectiestatus
(binair) als functie van meerdere covariaten op individueel niveau (zoals leeftijd,
geslacht, enz.) alsook covariaten op het gezinsniveau (zoals gezinsgrootte, etc.).
Gezamenlijk analyseren van risicoperceptie en HIV status geeft meer inzichten in
hun associatie en kan bijvoorbeeld worden gebruikt om te testen of deze associatie
homogeen is over de hele ordinale schaal van perceptie, rekening houdend met
de kenmerken op individueel niveau en op niveau van het gezin. Twee soorten
bivariate modellen voor categorische responsvariabelen werden gëıntroduceerd om
speciale categorieën zoals “onzeker” of “onbekend” in combinatie met andere ordinale
categorieën te behandelen, terwijl extra hiërarchische gegevensstructuren in rekening
worden gebracht. Een eerste model vertrekt van een continuation-ratio logits model
voor de perceptie van risico tot HIV infectie, en combineert dit met de binomiale
verdeling voor de HIV-infectiestatus, met behulp van globale kruisproductverhou-
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dingen als marginale associatiematen. Het tweede model begint met een model dat
continuation-ratio logits combineert met cumulatieve logits (proportional odds) en dit
tweede model bleek de beste aanpak te zijn. Deze modellen werden geimplementeerd
met verschillende multivariate willekeurige effectenstructuren. We hebben echter
opgemerkt dat dergelijke aanpak een echte computationele uitdaging kan worden
voor grotere tabellen. Uit de resultaten blijkt dat de leeftijd van het individu een
significant effect heeft op de associatie tussen HIV-perceptie en infectiestatus. Voor
de jongere leeftijdsgroepen wordt de kans om HIV-positief te zijn tweemaal zo groot
geschat wanneer de jongere haar/zijn risico niet kent.

In Hoofdstuk 7 werd een samenvatting gepresenteerd van statistische toepas-
singen in het thema reproductieve gezondheid en HIV/AIDS in de Mozambicaanse
context. Het is een illustratie van mogelijke toepassingen van de modellen die in
dit proefschrift werden besproken. Het betreft vier collaboratieve onderzoekspro-
jecten die zich richten op faciliteitsgebaseerde moedersterfte, gezondheidszorg en
HIV-perceptie en seksueel gedrag van migrerende mijnwerkers in Mozambique.


