
Katholieke Universiteit Leuven
Group Biomedical Sciences
Faculty of Medicine
Department of Public Health
Leuven Biostatistics and Statistical Bioinformatics Centre

Multilevel Models in Health Care Research:
application to nurse staffing research

Luwis Diya

Doctoral thesis in Bio-medical Sciences

Leuven, September 2011





Katholieke Universiteit Leuven
Group Biomedical Sciences
Faculty of Medicine
Department of Public Health
Leuven Biostatistics and Statistical Bioinformatics Centre

Multilevel Models in Health Care Research:
application to nurse staffing research

Luwis Diya

Jury:

Promoter: Prof. dr. Emmanuel Lesaffre
Co-promoter: Prof. dr. Walter Sermeus

Prof. dr. Geert Verbeke
Chair: Prof. dr. Benoit Nemery
Secretary: Prof. dr. Wim Van Den Noortgate
Jury members: Prof. dr. Christel Faes

Prof. dr. Linda Aiken
Prof. dr. Arthur Vleugels
Prof. dr. Wim Van Den Noortgate

Leuven, 29.09.2011

Doctoral thesis in Bio-medical Sciences



Copyright c© 2011 by Luwis Diya, Emmanuel Lesaffre, Walter Sermeus,
Geert Verbeke

All rights reserved. No part of this book may be reproduced or transmitted
in any form by any means, electronically or mechanical, including
photocopying, or recording, or by any other information storage and
retrieval system, without permission from the authors.

This manuscript was printed by ACCO, Belgium.



Acknowledgements

This academic journey would not have been possible had I not received help
from several people. I would like to take this opportunity to thank all those
who have helped me to achieve this task.

First and foremost, I would like to thank my thesis advisor Prof. Dr.
Emmanuel Lesaffre for his encouragement and support throughout the years.
I am a better researcher because of him. I would like to thank my first co-
supervisor, Prof. Dr. Walter Sermeus for allowing me the opportunity to do
research in the field of health outcomes and nursing research. I would also
like to extend my appreciation to my second co-supervisor, Prof. Dr. Geert
Verbeke for the discussions we had during the course of my studies.

I would like to thank the members of the examination committee, Prof.
Dr. B. Nemery (Chairperson of the Department of Public Health), Prof.
Dr. P. Donceel (Secretary of the Department of Public Health), Prof. Dr.
L. Aiken, Prof. Dr. C. Faes, Prof. Dr. A. Vleugels and Prof. Dr. W.
Van den Noortgate (Secretary of the jury) for agreeing to read my thesis,
providing suggestions which have greatly improved this thesis and availing
time to attend my public defence.

I am grateful for the opportunity to collaborate and discussing health
outcomes and nurse research issues with Dr. Koen Van den Heede and Mr
Luk Bruyneel. Over the years I have been proud to be a member of the
Leuven Biostatistics and Statistical Bio-informatics Center and would like
to thank all the Professors and Scientific Researchers for the discussions we
had at both the social and academic levels. This PhD would not have been
realized had it not been for the administrative support from Ms. Kirsten
Verhaegen. Thank you Kirsten for handling much of the administrative issues
pertaining to my studies here at K.U.Leuven. From the Centre for Health
Services and Nursing Research, I would also like to extend my appreciation
to the administrative support extended to me by Ms. Caroline Thys and Ms.
Alexandra Pardon.

I am greatly indebted to the Belgian Federal Science Policy Office in col-
laboration with the Belgian Federal Ministry of Public Health for funding
the research project on administrative data bases (framework of the research
program Agora 2005AG/HH/123 Quali-Nurse) and for granting the permis-
sion to use these data bases. Many thanks to the RN4CAST consortium for
the project implementation and data collection. The RN4CAST study was
funded by the European Union’s Seventh Framework Programme (FP7/2007-
2013) under the agreement no 223468 and for that I would like to thank the
European Union. I would also like to extend my appreciation to the Interuni-



iv

versity Attraction Poles Program P6/03 Belgian State Federal Office for Sci-
entific, Technical and Cultural Affairs for the financial support extended to
me during my studies.

Beside the academic side, one needs the social dimension to remain sane. I
would like to thank all the people who made my stay in Belgium comfortable.
Before any created being, I would like to thank God the creator of heaven
and earth who gave me the breathe of life to be standing here today. Thanks
be to the International Seventh Day Adventist church for always providing a
place for me and my family to worship God. I am indeed blessed and grateful
for the Zimbabwean community in Belgium, through your company I miss
home less.

I would like to thank my family, starting with my parents, the late
Samanyika J. Diya and the late Sylvia S. Diya (Dzimati), for guiding me
through my first steps in life and also in the academic arena. I would also
like to thank my siblings (Selina, Lovemore and Melody) for their support.
Througout my life, I have always counted on the support of my friend and
uncle Mr Wonder Diya. “Babamunini”, thank you for believing in me even
when I doubted my own abilities.

Finally I would like to thank those dear to my heart, my wife Elizabeth
and daughter Rutendo. My daughter always gives me joy and purpose in
life. As for my wife, Elizabeth I owe her special thanks for her patience,
encouragement, sacrifice and love. Liz, there are no words to express my
appreciation for your unconditional love.

Luwis (Tapiwa) Diya
Leuven, September 2011



In Memory of Samanyika J. and Slyvia Diya

†

“I returned, and saw under the sun, that the race is not to
the swift, nor the battle to the strong, neither yet bread to
the wise, nor yet riches to men of understanding, nor yet
favour to men of skill; but time and chance happeneth to
them all.”
Ecclesiastes 9:11



vi

The majority of the material in this thesis is based on original publications.
Below, we give a list of the chapters of the thesis based on these publications.

Chapter 4: Diya, L., Lesaffre, E., Van den Heede, K., Sermeus, W.
& Vleugels, A. (2010). Establishing the relationship between nurse
staffing and hospital mortality using a clustered discrete-time logistic
model. Statistics in Medicine, 29(7-8), 778–785. doi: 10.1002/sim.3756

Chapter 5: Diya, L., Van den Heede, K., Sermeus, W. & Lesaffre,
E. (2011). The relationship between in-hospital mortality, readmission
into the intensive care nursing unit and/or operating theater and nurse
staffing levels. Journal of Advanced Nursing, Accepted

Chapter 6: Diya, L., Li, B., Van den Heede, K., Sermeus, W. &
Lesaffre, E. (2011). The use of Bayesian multilevel factor analytic
models for assessing the relationship between nurse reported adverse
events and patient safety. Journal of the Royal Statistical Society:
Series C (Applied Statistics), Submitted

Chapter 7: Diya, L., Van den Heede, K., Sermeus, W. & Lesaffre,
E. (2011). The use of “lives saved” measures in nurse staffing and
patient safety research: statistical considerations. Nursing Research,
60(2), 100–106. doi: 10.1097/NNR.0b013e3182097845



The author has also contributed to the following publications:

De Baets, E., Lambrechts, H., Lemiere, J., Diya, L. & Willems G.
(2011). Impact of self-esteem on the relationship between orthodontic
treatment need and oral-health-related quality of life in 11- to 16-year-
old children. European Journal of Orthodontics, Accepted

Mutsvari, T., Lesaffre, E., Garćıa-Zattera, M. J., Diya, L. &
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Chapter 1
General introduction

Health outcomes research has gained prominence in public health research with the
publication of the “To Err is Human” report (Kohn et al., 1999) which claims that
between 44 000 to 98 000 preventable deaths occur in the US health establishments
per year. This had prompted the debate on ways to reduce preventable deaths and
other hospital acquired illnesses hence leading to a focus on determinants of patient
safety. In this thesis we will focus on patient safety in Belgian acute care hospitals.

Patient safety is freedom from accidental injury due to medical care or medi-
cal errors. Medical errors can be defined as the failure of a planned action to be
completed as intended, including problems in practices, products, procedures and
systems (AHRQ, 2004). However, patient safety is not easy to measure so there
is a need to look at proxies of patient safety, i.e., variables closely associated with
patient safety. Medical errors can lead to development of complications (adverse
events). Adverse events (AEs) are ’injuries caused by medical management rather
than the underlying disease or condition’. Examples of adverse events are, but are
not limited to, pneumonia, sepsis, debicutus, pressure ulcers and urinary tract in-
fections. Adverse event data can be collected from medical records, incident reports
and administrative data bases.

It is not enough to quantify the prevalence of adverse events in hospitals, there
is also a need to assess the association between the adverse events and factors that
affect patient safety. Florence Nightingale (1820-1990) pioneered epidemiological
and statistical methods to study hospital death rates using registration data. She
concluded that the death rate in a hospital decreases when sanitation (nursing) is
improved. E. Codman (1869-1940) advocated for a hospital reform. He was the
founder of outcomes management in patient care, by establishing an “end result”
system (track outcomes of patient treatment). From the pioneering work of these
two personalities, it is evident that for health policy formulation to be sound there
is a need to establish the interplay between adverse events and factors affecting
patient safety. A lot has been done in literature with regards to establishing these
relationships, however, the methods used to date neglected the complex nature of

1



2 CHAPTER 1. GENERAL INTRODUCTION

health outcomes data. Also different data collection approaches and their pros and
cons have been discussed in literature.

Nurse staffing levels has been established as the major factor associated with pa-
tient safety. Studies using data from various sources, and using different statistical
methods, have shown that there is an association between patient safety, represented
by adverse events, and nurse staffing levels, i.e., high numbers of adverse events are
associated with low nurse staffing levels (Aiken et al., 2003, 2002; Needleman et al.,
2002). Two landmark studies of Aiken et al. (2002) and Needleman et al. (2002)
were instrumental in introducing nurse staffing and patient safety issues into the
health care policy agenda thus exposing these issues to the fore of public debate
worldwide. Aiken et al. (2002) established that there was a strong association be-
tween nurse-staffing levels and 30-day mortality, failure-to-rescue, burnout and job
dissatisfaction. For instance, a unit increase in the average patient-to-nurse ratio in
a hospital produced a 7% increase in the risk of dying. Simply put, hospitals with
a large number of patients per nurse experience more adverse events compared to
hospitals with a small number of patients per nurse. In this thesis, nurse staffing
variables refers to nurse staffing levels and nurse education. By nurse education we
mean the percentage of nurses with a bachelor degree. Nurse staffing levels con-
sidered here is the Number of Nursing Hours Per Patient Day. The most common
sources of nurse staffing data are nurse surveys and administrative data bases.

In comparing hospital performances with regards to patient safety, there is a
need to “level the playing field”. Certain sections of the population are generally at
elevated risk of experiencing an adverse event than others, that is, the propensity of
developing an adverse event is not randomly distributed across the patient population
but is also related to aspects like gender, behavior, genetic disposition and socio-
economic status (Iezzoni, 2003). Hospitals have different patient case-mix, hence
comparing hospitals without controlling for the patient case-mix can lead to biased
results. For instance referral hospitals and/or university hospitals are more likely to
receive a lot of complicated and risky patients, hence experience more complications
which have nothing to do with the patient safety standards at that hospital. Also
hospitals catering for an elderly patient population will record high rates of adverse
events as this patient population is more frail compared to the middle aged patient
population. To have valid inferences, there is a need to properly and correctly
account for potential confounders. Hence an appropriate risk adjustment is required.

Classical regression models can be used to study the relationship between pa-
tient safety and nurse staffing variables controlling for possible confounders like the
patient case mix and hospital characteristics (e.g. university/non-university hospi-
tal). In most papers in the health outcome and nursing literature, even statistical
literature, the linear relationship between potential confounders and the response of
interest (or its link transformed version) is often considered a good approximation
of the true underlying relationship. However, the linear relationship is not always a
good approximation in risk adjustment models (relationship between the response
and the potential confounding factors) and can have an effect on the nature of the re-
lationship between the variables of interest and the response. An assumption which
is employed in classical regression models, is that the observations are independent.
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However, most health outcomes and nursing data are multilevel in nature. That
is, lower level units (e.g. patients) are nested in higher level units (e.g. hospitals).
Dependence is induced by patients sharing the same environment and nursing re-
sources in a hospital. Evoking the independence assumption for such data leads to
invalid inferences as the precisions (standard errors) for the effects in the model are
over(under)-estimated. This might also lead to atomistic fallacy, that is, drawing in-
ferences regarding variability across groups based on individual level data. To avoid
this, one can aggregate data at the highest level and then fit a classical regression
model. The independence assumption is then valid, however there is a need to care-
fully interpret the effects from the model as there is a possibility for the ecological
fallacy. An ecological fallacy is an error in the interpretation of statistical results,
whereby inferences about the individuals are based solely upon aggregate statistics
collected for the group to which those individuals belong. This fallacy assumes that
individuals in a group have the average characteristics of the group at large.

One approach to get valid inferences when the data is clustered or multilevel
is by using the Generalized Estimating Equation (GEE) or White’s (White, 1982)
approach. In this approach the model is fitted as if the data were independent,
however the standard errors are corrected for, to account for the fact that there is
dependency between observations in the same cluster. This approach has gained
momentum in the health outcomes and nursing research (Aiken et al., 2003, 2002;
Van den Heede et al., 2006). The GEE approach leads to the population averaged or
marginal model. The limitations of such approaches is that they can handle only one
level of clustering. If there are two or more levels of clustering, the practice is usually
to choose the level of clustering containing the largest amount of variability. The
GEE approach is used when interest is in the mean structure and not the association
structure in the data. That is, when the nature of the association between the
response and the covariates is of essence and the dependency structure is a nuisance
(an aspect of the data which we know exists and have to account for, but is not of
interest).

To explicitly model the correlation in multilevel data sets, multilevel models are
used. These models can accommodate two or more levels of nesting. The estimates of
multilevel models are conditional on the random effects. Random effects represent
omitted variables in a given level of a multilevel model, that is, they stand for
unexplained variability. There are various subclasses of multilevel models namely the
purely hierarchical and the non-hierarchical multilevel models. In nursing literature,
the most used is the hierarchical model. In hierarchical multilevel models a lower unit
is nested within one and only one higher level nursing unit. That is, a hierarchical
model assumes a pure hierarchy (observations belongs to one and only one cluster).
Some health outcomes and nursing staffing data do not exhibit a true hierarchical
structure. For instance, patients in hospitals can stay in more than one nursing
unit during their hospital stay. In such cases non-hierarchical multilevel models can
be employed. Two of the most utilized forms of non-hierarchical models are the
Multiple Membership (MM) models and the Cross Classified (CC) models (Leyland
& Goldstein, 2004). In a MM model a lower level unit is permitted to be a member of
more than one higher level units. For instance, patients stay in more than one nursing
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unit during their hospital stay. In a CC model lower level units are cross-classified
in two or more higher levels. For example, patients are nested in a nursing unit
but at the same time patients in that nursing unit are affiliated to different doctors.
That is, nursing units are not nested in doctors nor doctors nested in nursing unit
but these two clusters exist at the same level. MM models, CC models and their
hybrids are collectively referred to as Multiple Membership Multiple Classification
(MMMC) models.

Health outcomes and nursing research data structures are often complex. A
crude way to deal with these complexities is to simplify the data structure. For
instance, one could force the data to be hierarchical so that hierarchical models can
be applied or even aggregate the data so that a few levels are left which can be
manageable with standard statistical software. Simplification of multilevel data can
lead to a loss of information as the dependency structure is under-estimated. This
might lead to invalid inferences hence wrong policy decisions.

1.1 Aim of this thesis

The aim of this thesis is to explore statistical methods in health outcomes and nursing
research. That is, this thesis aims at developing statistical methods which adequately
address the structure of the data and advise on the limitations of statistical methods
and/or quantities currently used in health outcomes and nursing research. This
thesis will highlight the shortcomings of certain model choices and assumptions.
Finally, this thesis seeks to provide a foundation for robust multilevel models for
health outcomes (patient safety) and nursing research.

1.2 Overview of subsequent chapters

The work presented in this thesis is covered in 8 chapters.

In Chapter 2, the motivating data sets are presented. The first data set, the
cardiac data set, is derived from administrative data bases from Belgium, namely, the
Belgian Hospital Discharge Data Set (B-HDDS) and the Belgian Nursing Minimum
Data Set (B-NMDS). In particular the cardiac data set is a subset of the 2003 B-
HDDS and the 2003 B-NMDS. These data sets were used in most of the analyzes
in this thesis. The cardiac data set was chosen as it is homogeneous, focused on
closely related diagnoses. The second data set is obtained from the nurse survey of
the European Nurse Forecasting project (RN4CAST) which is an ongoing project.

In Chapter 3, the estimation techniques are presented. Both the frequentist
and the Bayesian approaches are briefly reviewed. More emphasis, though, is given
to Bayesian approaches as bulk of the chapters in this thesis used the Bayesian
approach. Most of the problems we look at in this thesis can be reformulated into a
binary response model hence we focus in Chapter 3 on the treatment of these models.

Chapter 4 introduces the clustered discrete time logistic regression model. Pa-
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tients within a hospital do not stay in one unit but are transferred to different nursing
units. So the use of simple hierarchical models is not possible for such data struc-
tures. In such data sets there is a “moving” hierarchy. The clustered discrete time
logistic model is developed with the aim of capturing this data structure. This model
also allows for the first order carry-over effects to be considered.

In Chapter 5 a composite measure for patient safety, readmission into the inten-
sive care/Operation Theater or mortality, is proposed as a proxy for patient safety.
In this chapter, firstly in-hospital mortality in the first post-operative intensive care
nursing unit is considered and related to intensive care nurse staffing levels, con-
trolling for possible confounders, using a multilevel model. Secondly a composite
measure, readmission into the intensive care nursing unit and/or Operation Theater
or in-hospital mortality is considered and related to the first operative general nurs-
ing unit nurse staffing levels also using a multilevel model. In this chapter the use
of splines in risk adjusting the model is considered.

In Chapter 6 the relationship between a multivariate vector of adverse events and
patient safety is explored using the nurse survey data from the RN4CAST project. In
the RN4CAST nurse survey data, nurse reported degree of adverse event frequencies
are captured in the “Quality and Safety” section of the questionnaire and 6 adverse
events are considered.

In Chapter 7 the implications of modeling assumptions of “lives saved” predic-
tions are examined. The effects of omitting an important covariate, the link function,
neglecting the correlation structure and omitting a level in a multilevel model are ex-
amined. The chapter also compares predictions from the multilevel model (hospital
and patient level) to those from the clustered discrete time logistic model (hospi-
tal, nursing unit and patient levels). Lives saved predictions are obtained by taking
the difference between (a) the expected number of adverse events under the current
nurse staffing levels and (b) the expected number of adverse events under the new
nurse staffing levels obtained by elevating all nurse staffing levels, for those values up
to a given (in this thesis the 75th) percentile nurse staffing level. This quantity gives
the number of patients that would not experience an adverse event if the hospitals
increased their staffing levels to a given percentile value (75th percentile value in this
thesis).

Chapter 8 gives a summary of the important findings in the thesis and proposes
directions for future work.
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Chapter 2
Motivating data sets

2.1 Introduction

Adverse events can be obtained through three data collection approaches, (1) Medi-
cal records, (2) Active reporting and (3) Administrative databases. Medical records
are considered as the gold standard but the downside is that they are often expen-
sive, limited in scope and they may be unethical to obtain. Active reporting can
be voluntary or mandatory but there might be under reporting due to the fear of
punishment, time pressure and lack of perceived benefit. Hence active reporting may
thus lead to bias. Administrative databases are readily available and are huge but
in most cases they are collected for financial reasons and not for research purposes.
So there is a possibility of some important determinants of patient safety being left
out. Administrative data bases might also lack clinical details and the timing of
co-morbidities.

From the literature, patient-to-physician ratios (Rohr, 2008) and nurse staffing
variables (Aiken et al., 2003, 2002; Van den Heede et al., 2009) have been identified
as the leading determinant of patient safety. Attention has focused mostly on the
nursing fratenity, not because the physcians have a lesser impact on patient safety,
but because nurses interact with patients for much of the time during their hospital
stay. In this thesis the focus will be on nurse staffing variables. Information on nurse
staffing variables can be obtained through (1) Nurse surveys and (2) Administrative
databases. The merits of nurse surveys is that they target the nurses involved in
direct patient care. The demerits are that they are labor intensive, often small scale
and there may be response bias. On the other hand, administrative databases are
readily available and are huge. The disadvantage of nursing administrative databases
is that there is no distinction between inpatient and outpatient activities and between
acute and long-term care.

In Section 2.2, the two Belgian administrative data bases are presented and in
Section 2.3 the Nurse Forecasting in Europe (RN4CAST) project, nurse survey is

7
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briefly presented.

2.2 Belgian administrative data bases

Belgium is rich in health care data bases. These databases include, but are not
limited to, the Belgian Hospital Discharge Data Set (B-HDDS), Belgian Nursing
Minimum Data Set (B-NMDS), Billing data, Hospital Statistics, Financial and Hu-
man Resources Data from acute hospitals, Minimum Psychiatric Data (MPG) and
Nursing Home Care Dependency Data (Katz). In this thesis, we restrict ourselves
to the B-HDDS and the B-NMDS for the year 2003. A brief description of the B-
HDDS is given in Section 2.2.1 followed in Section 2.2.2 by a brief description of the
B-NMDS. Section 2.2.3 focuses on a subset of a combination of these two data sets.

2.2.1 Belgian Hospital Discharge Data Set: B-HDDS

The content of the B-HDDS is similar to that of the hospital discharge data sets
used in international patient safety research. In Belgium, the collection of hospital
discharge data has been compulsory since 1991 for all in-patients in all acute hos-
pitals. All one-day admissions were also captured in the B-HDDS from the year
1995 and all emergency rescues from 2003. The quality of the data is audited by
the Ministry of Public Health in two ways. First, a software program checks the
data for missing, illogical and outlying values. Second, by regular hospital visits, a
random selection of patient records is reviewed to ensure that data were correctly
recorded. This data set contains patient demographics, data about hospital stay
(date and type of admission and discharge, referral data, admitting department,
destination after discharge) and clinical data (primary and secondary diagnosis, di-
agnostic and therapeutic procedures). Adverse events include urinary tract infection,
pressure ulcers, hospital-acquired pneumonia, shock/cardiac arrest, upper gastroin-
testinal bleeding, hospital acquired sepsis, deep venous thrombosis, central nervous
system complications, wound infection, pulmonary failure, metabolic derangement,
in-hospital mortality and failure-to-rescue. Failure-to-rescue is a term used to refer
to deaths which could have been prevented had a patient not acquired an adverse
event. In 2003 around 1.8 million hospital admissions and 1.2 million one-day ad-
missions were recorded.

2.2.2 Belgian Nursing Minimum Data Set: B-NMDS

The B-NMDS contains information on nurse staffing and/or nursing intensity at the
nursing unit level. The collection of data for the B-NMDS has been compulsory in
Belgium since 1988. During the month of March, June, September and December,
nursing data have been and are still registered by all acute care nursing units for the
first 15 days of the month. The Ministry of Public Health then randomly samples
five days during each registration period and the information from these five days is
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sent to the national data base. The B-NMDS registration consists of nurse-staffing
variables and nursing interventions. Every 24 hours during the registration period
for each nursing unit direct and indirect hours of staff involved are recorded. These
nursing hours are recorded for 5 different staff categories, that is, nurses with a
bachelor’s degree, nurse trained at the diploma level, nursing assistants, assistants
not involved in direct care, and nursing students. The B-NMDS also contains 23
interventions with different response categories. By means of a non-linear principal
component analysis these 23 items are reduced to a single measure which represents
intensity-of-nursing-care (Sermeus et al., 2008). This measure can be aggregated
at different levels (depending on the analysis), i.e, inpatient day, nursing unit per
registration day, nursing unit, groups of nursing units and hospital levels. The B-
NMDS is unique in that it is the only nursing minimum data set that is systematically
collected on a national scale. Also, since 2000 it has been possible to link the B-
NMDS and the B-HDDS through the use of common identifiers. Hence this offers
a unique opportunity for researchers to study the associations in the health care
industry, e.g, patient safety and nurse staffing characteristics.

Two important nurse staffing variables derived from the B-NMDS are the ‘Nurs-
ing Hours per patient Day‘ (NHPPD) and the ‘Proportion of registered nurses with
a Bachelor’s degree‘. NHPPD is the ratio given by the hours of care provided by
registered nurses divided by the number of patients being cared for.

2.2.3 Cardiac data set

The research in this thesis will focus on the admministrative databases collected
in Belgium during the year 2003, i.e., the 2003 B-NMDS and the 2003 B-HDDS.
The 2003 B-HDDS consists of 260,923 (general, orthopedic and vascular surgery)
patients from all 115 acute hospitals in Belgium and the 2003 B-NMDS consists of
1,403 (general acute care and intensive care) nursing units from 115 acute hospitals.
To establish the relationship between nurse staffing variables and AEs in Belgian
hospitals there is a need to establish a link between these two data sets. Hence
the 2003 B-NMDS and the 2003 B-HDDS are merged via common identifiers. The
resultant data set is very large, consisting of information on 260,923 patients. The
data set is heterogeneous and will lead to a huge computational burden if complex
statistical approaches are to be used in assessing some aspect of the data, hence
the data set needs to be reduced. The “cardiac” data set is the subset of the data
which will be used in the majority of the analyzes in this thesis. This data set is
homogeneous.

The study sample is restricted to patients, aged between 20 and 85 years, who
were electively admitted to a Belgian acute hospital for a coronary artery bypass
graft (CABG) or heart valve procedure. Patients were assigned to a CABG or heart
valve procedure if they were assigned to one of the following categories from All
Patients Refined Diagnosis-Related-Group (APR-DRG): 162, 163, 165 and 166 (Van
den Heede, 2008). The selected cardiac procedures involved specialized care that is
delivered in 29 of the 115 Belgian acute care facilities. One hospital was dropped
because there was no link between the two administrative databases. Since patient
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surveillance is of utmost importance during the operative and post operative periods,
only observations from these periods were considered. Patients whose records did
not permit linkage to a specific nursing unit postoperatively (2.5%) were dropped
from the database. The final sample comprised 9,054 patients.

The focus of this thesis is the relationship between patient safety and its deter-
minants in the Operation Theater and the post-operative period. Figure 2.1 shows
the traditional cardiac patient trajectory in a hospital. The pre-operative period is
not considered in this thesis as the chance of developing an adverse event is minimal
during this period. The traditional cardiac surgery patient trajectory includes the
Operation Theater, the first post-operative intensive care nursing unit and the first
post-operative general nursing unit. It is expected that a cardiac surgery patient
who is free from any adverse event will be discharged after staying in this set of
nursing units.
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Figure 2.1: Cardiac surgery patient trajectory

Health outcomes and nurse staffing data have a complicated multilevel structure,
see Figure 2.2. From this figure it can be observed that nursing units are nested
within hospitals and patients within nursing units. However the difference of the
structure presented from the traditional hierarchical data structure is that patients
are not members of only one nursing units during their hospital stay. That is, at any
given time patients are members of only one nursing unit and undergo influences
from that nursing unit. However, membership to a nursing unit is time dependent.
This can be seen as a “moving” hierarchy where the nursing unit where a patient is
staying in changes as a function of time. In Figure 2.2 patient 1 is staying in the
second nursing unit after having stayed in the first nursing unit. Note that nursing
unit 1 for patient 1 is not necessarily the first nursing unit for all the other patients.
That is, each patient has his or her combination of nursing units which may differ
with that of another patient.
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Figure 2.2: Multilevel data structure for the cardiac data set

2.3 RN4CAST data

The RN4CAST project is a 3 year project involving two major phases. The first
phase was focused on survey instrument development and data collection (January
2009 to June 2010). The second phase, which is still ongoing, is focused on the
analysis of data and policy formulation (July 2010 to December 2011). This project
aims at introducing innovative forecasting methods by addressing not only volumes,
but quality of nursing staffing and its effect on patient safety as well. A total of 16
countries are involved in the RN4CAST project, of which 12 are European countries,
the USA and 3 observer countries (China, South Africa and Botswana). No data is
collected from the USA or the three observer countries under this project.

Data was collected from 12 European countries, namely Belgium, Finland, Ger-
many, Greece, Ireland, Poland, Spain, Sweden, Switzerland, The Netherlands, The
United Kingdom of Great Britain and Northern Ireland (UK) and Norway. In each of
the 12 participating countries, data were collected via nurse surveys, patient surveys,
organizational surveys and routinely collected hospital discharge data. In each coun-
try, except Sweden, at least 30 general acute hospitals were selected. In Ireland and
Norway the selected hospitals represented all the relevant health care institutions in
those countries whereas in the other countries the selected hospitals are sampled at
random. In cases where selected hospitals refused to participate, a second or even a
third wave of hospitals were randomly selected. In Belgium and Germany, hospitals
which were not selected where also allowed to participate.

Within each hospital at least two nursing units (1 general surgical nursing unit
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and 1 general medical nursing unit) were randomly selected from a master list of
all the relevant nursing units. The units sampled were the ones catering for an
adult patient population. Across countries the minimum number of nursing units
considered varied considerable, from 2 nursing units in Switzerland and Finland to
all the relevant nursing units in the UK and Norway. In some countries, for instance
Belgium and Germany, the sampled number of nursing units were depended on the
hospital size (number of beds).

In this thesis, we focus on only the nurse survey, in particular the Belgian chapter
of the RN4CAST study. So in Section 2.3.1 the RN4CAST nurse survey is described.

2.3.1 RN4CAST nurse survey data

In each country, all nurses providing direct care to patients on the selected nursing
units were included in the nurse survey. Nurses on maternity leave, sick leave or who
were on vacation were not considered. A different sampling design was implemented
in Sweden, that is, nurses were approached through the Swedish Nursing Association.
The Swedish Nursing Association covers around 85% of all the nurses in Sweden.

Each team, from the 12 European countries, conducted surveys of nurses using
questionnaires with questions developed and tested in prior research. The survey
questionnaire consisted of 118 questions. The questions were grouped into the nurs-
ing work environment, burnout, job satisfaction, nurse perceived quality of care,
nurse staffing levels and a demographic section. In this section we briefly describe
the job satisfaction, nurse perceived quality of care and the demographics sections of
the nurse survey questionnaire. For a detailed discussion on the other nurse survey
questionnaire sections and the RN4CAST study in general, an interested reader is
referred to the paper of Sermeus et al. (2011).

The job satisfaction section contained a single question about the overall current
job satisfaction, with scores ranging from 1 “Very dissatisfied” to 4 “Very satisfied”.
This section contained 9 additional which enquired about specific aspects of the
nurse’s job, for example wages and the flexibility of the work schedule. The nurse
perceived quality of care section captured information about patient outcomes. This
entails questions on (1) quality of care in the nurse’s unit, on the nurse’s shift and
changes in the quality of care over the past year; (2) the readiness of patients for
discharge; and (3) the frequency of a variety of adverse events involving themselves
or their patients. In the demographics section, specific demographic characteristics
of nurses were captured, e.g., age and gender. There were also questions regarding
the country where the nurse received his/her basic nurse education, years as a reg-
istered nurse, years working in the current hospital and the highest attained level of
education.

The data consist of 33731 nurses from 2081 nursing units in 486 hospitals. The
data structure is hierarchical in the sense that nurses are nested within nursing units,
nursing units are nested within hospitals and hospitals nested with countries.
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Belgian nurse survey data

In this thesis we focus on the RN4CAST data collected in Belgium. The data used
is from the job satisfaction, nurse perceived quality of care and the demographics
sections of the nurse survey questionnaire.

The responses are obtained from the nurse perceived quality of care section.
The main question looked at here is ”How often would you say each of the following
incidents occurs involving you or your patients?” For this question 6, incidents were
considered, that is, (1) Patient received wrong medication, time, or dose, (2) Pressure
ulcers after admission, (3) Patient falls with injury, (4) Urinary tract infections, (5)
Bloodstream infections and (6) Pneumonia. The main question (for each incident
type) has 7 potential answers measured on a Likert scale, that is, 0 - Never, 1 - A
few times a year or less, 2 - Once a month or less, 3 - A few times a month, 4 - Once
a week, 5 - A few times a week and 6- Every day. In this thesis new responses were
generated by discretizing the Likert scaled variables because the interpretation of
results will be somewhat easier. A nurse was judged to have indicated that his/her
nursing unit had substantial number of events if he/she selected the values greater
than 2. This led to binary responses namely (1)wrong medication, time or dose
(wrong), (2) pressure ulcers (pressure), (3) patient falls with injury (falls), (4) urinary
tract infections (uti), (5) bloodstream infections (infections) and (6) pneumonia.

The data considered here are multilevel in structure. That is, nurses are nested
within nursing units which are in turn nested within hospitals. The data consist of
3151 nurses from 269 nursing units in 66 hospitals. 23(43) hospitals are (are not)
technologically advanced and 4(62) hospital are (are non-) university hospitals. Of
the 269 nursing units, 112 are surgical units, 125 are medical units and 32 are mixed
surgical and medical units. Of the nurses who responded to the nurse survey, 1333
worked in surgical units, 1471 worked in the medical units and 347 worked in mixed
surgical-medical units. 2167 of the nurses reported Flemish as their language of
communication while 984 reported French.

The covariates of interest in this thesis are measured at the nurse level, nursing
unit level and hospital level. At the hospital level the covariates are the number
of beds (beds), whether the hospital is technologically advanced (tech=1;otherwise
tech=0) and whether the hospital is a university hospital (university=1;otherwise
university=0). At the nursing unit level the covariate of interest is the unit speci-
fication (1- surgical, 2- medical and 3 - mixed). At the nurse level the considered
covariates are gender (male=1), age, time in years as a registered nurse (expn),
time in years at the current hospital (exph) and language (language=1 if Flemish; 0
otherwise).
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Chapter 3
Bayesian and frequentist
approaches to estimate model
parameters

3.1 Introduction

In this chapter we review methodological approaches for clustered binary response
models and multilevel factor analytic models. We address both frequentist and
Bayesian methods, but focus on the latter approach. More specifically we explore
the methodological aspects of the random effects logistic regression model and the
multilevel factor analysis model from a frequentist and a Bayesian viewpoint. We
introduce these methods and briefly explore techniques used in obtaining parameter
and precision estimates. We also highlight software used in implementing these
approaches.

The data presented in this thesis have a multilevel nature in the sense that ob-
servations are nested in higher level units, thus leading to observations in the same
unit exhibiting some similarities. These similarities (dependencies) might be due
to subjects exposed to the same environment. When looking at the relationship
between the response and the covariate, and possibly controlling for potential con-
founders, some “(possibly) less important” variables are neglected either because
they were not observed/recorded or they were deliberately left out for reasons of
parsimony. These neglected variables describe the environment within the cluster.
Random effects (intercepts, slopes, etc) can be seen as instruments to account for
these neglected variables within a cluster. A random intercept accounts for the de-
pendency within the cluster, whereas a random slope accounts for the dependency
which varies with respect to the characteristic(s) of the subject. We focus in this
thesis on binary responses, i.e., adverse events and mortality, for which a random
effects logistic regression model can be used. The random effects logistic regression

15
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model is an extension of classical logistic regression, in which the random effects are
introduced into the linear predictor. In the health outcomes and nursing literature
but also elsewhere the logit link is the most common link function as it allows the
interpretation of the effects in a model as the log odds ratio.

In the Belgian RN4CAST study multiple responses (adverse events) were recorded
at the observational(nurse) level. Multiple adverse events are a better surrogate of
patient safety than a single adverse event. Factor analysis models are used here to
relate patient safety, a latent construct, and a multivariate response vector of adverse
events. Since the data structure is multilevel, multilevel factor analysis was used to
adequately account for the dependency among nurses from the same nursing unit.

In Section 3.2 we introduce models used in this thesis i.e., the random effects
logistic regression model, single level and multilevel factor analytic models (for both
continuous and binary responses). In Section 3.3.1 an overview of the frequentist
approach is briefly sketched and in Section 3.3.2 the Bayesian approach is presented.

3.2 Models

3.2.1 Random effects logistic regression model

Suppose the binary response for the jth observation (e.g. patient) in the ith cluster
(e.g. hospital) is given by Yij , i = 1, . . . , n and j = 1, . . . ,mi. The random effects
logistic regression model is given by:

log

[
P (Yij = 1|bi)

1− P (Yij = 1|bi)

]
= x′ijβ + z′ijbi, (3.1)

where xij and zij are vectors of covariates for observation j in cluster i, β is a
d-dimensional vector of regression coefficients, and bi is a q-dimensional vector of
random effects expressing the proneness of experiencing the response for observations
in the ith cluster. Usually the random effects are assumed to follow a multivariate
normal distribution with mean 0 and variance D, that is, bi ∼ N q(0,D). The total
number of observations is given by N =

∑n
i=1mi.

Conditional on the random effects, the likelihood contribution of subjects from
cluster i are assumed to be independent. To obtain the marginal likelihood contribu-
tion for the ith cluster, the random effects have to be integrated out. The marginal
likelihood for the ith cluster is given by :

L(β,D|Y i) ≡ f(Y i|β,D)

=

∫ mi∏
j=1

P (Yij = 1|β, bi)f(bi|D)dbi, (3.2)

with Y i = (Yi1, . . . , Yimi).

The total marginal likelihood function for β and D is a product of n terms in
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expression (3.2) and is given by:

L(β,D|Y ) =

n∏
i=1

L(β,D|Y i), (3.3)

where Y is the total response vector over all the clusters.

3.2.2 Factor analysis models

Single level factor analysis

We first consider a single level factor analysis model for continuous responses. Let
Yj = (Yj1, . . . , Yjp) be a p-dimensional continuous response vector for the jth in-
dividual (j = 1, . . . , N), Fj = (Fj1, . . . , Fjk) be a k-dimensional (k ≤ p) vector of
latent constructs and Λ be a p × k matrix of factor loadings, then the single level
factor analysis model can be written as

Yj = µj + ΛFj + εj , (3.4)

where µj = (µj1, . . . , µjp) is the mean vector, the common factors are multivariate
normal distributed with mean 0 and covariance matrix Ψ (Fj ∼ Nk(0,Ψ)) and
the unique factors are multivariate normal distributed with mean 0 and covariance
matrix θ (εj ∼ Np(0,θ)). Note that µjs can be modeled as a function of covariates
(Xjβs). If no covariate information is available, then µjs can be the average of the
sth response (βs0), or can be set equal to 0 for centered responses. Factor loadings
(elements of Λ) are parameters which relate the unobserved factors to the observed
responses, i.e., the larger the value of a factor loading, the more the corresponding
response is said to “load” on the corresponding factor. Factor loadings are allowed
to vary across survey items but not across individuals. Assuming that the common
factor scores (Fj) are orthogonal to the measurement error terms (εj), the marginal
covariance matrix is given by V ar(Yj) = ΣU = ΛΨΛ′ + θ. Hence the observed co-
variance matrix can be decomposed into a component attributable to the underlying
factors and measurement error.

The joint density for the continuous responses factor analysis model is given by

f(Y;µ,ΣU ) = (2π)
pN
2 |ΣU |−

N
2 exp

[
− 1

2

∑N
j=1(Yj − µ)′Σ−1U (Yj − µ)

]
, (3.5)

where µ = Xβ.

The total marginal likelihood function can be obtained by integrating out the
common factors, i.e.,

L(µ,ΣU |Y) =

∫
f(Y;µ,ΣU )f(Fj)dFj , (3.6)

where f(Y;µ,ΣU ) and f(Fj) are the distribution of the data conditional on the
parameters and the distribution of the factor scores, respectively. Binary responses,
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Y∗j = (Yj1, Yj2, ...., Yjp), can be assumed to be discretized versions of underlying

latent Gaussian variables, i.e., Y ∗js = I(Yjs>0), where Yjs is the sth latent Gaussian

response for the jth observation and Ia = 1 when a is true and 0 otherwise. For
reasons of identifiability, the diagonal elements of the observational level covariance
matrix (θW ) are set equal to 1. The correlation matrix of these continuous latent
variables is referred to as the polychoric or tetrachoric correlation matrix.

The complete marginal data likelihood function for the binary response factor
analysis model is given by

L(µ,ΣU |Y∗) =

∫ ∫ N∏
j=1

p∏
s=1

φ(Yjs;µ
∗
js; 1)η(Yjs|Y ∗js)f(Y)f(Fj)dYdFj ,

(3.7)

where η(Yjs|Y ∗js) = I(Yjs>0) I(Y ∗js=1) + I(Yjs≤0) I(Y ∗js=0) is the conditional likelihood,

f(Y) is the distribution of the vector of latent Gaussian responses, f(Fj) is the
distribution of the factor scores and φ(Yjs;µ

∗
js; 1) represents the value of the normal

probability density, with conditional mean µ∗js = µjs + ΛFj evaluated at Yjs and
standard deviation 1. Conditional on the common factors the responses are indepen-
dent, that is why a product of univariate normal densities is used in (3.7) in place
of the multivariate normal density.

Multilevel factor analysis

When the data have a multilevel nature, multilevel factor analytic approaches are
needed. This implies that the multivariate continuous response vector for an individ-
ual has attributes emanating from the observational and the cluster levels. Consider
a p-dimensional continuous response vector for individual j in cluster i, denoted by
Yij . Assume that there are kW factors FWij at the individual level and kB factors

FBi at the cluster level, then the multilevel factor analysis model is given by

Yij = µij + ΛWFWij + εWij + ΛBFBi + εBi , (3.8)

where µij is the mean vector, the vector of unique factors at the observational

level is multivariate normally distributed with mean 0 and variance θW ( εWij ∼
Np(0,θW )), the vector of unique factors at the cluster level is multivariate nor-
mally distributed with mean 0 and variance θB (εBi ∼ Np(0,θB)), the vector
of common factors at the observational level is multivariate normally distributed
with mean 0 and variance ΨW (FWij ∼ NKW (0,ΨW )) and the vector of com-
mon factors at the cluster level is multivariate normally distributed with mean
0 and variance ΨB (FBi ∼ NKB (0,ΨB)). Assuming orthogonality of all com-
mon and unique factors, the marginal covariance matrix consists of a within- and
between- component, V ar(Yij) = ΣM = ΣW + ΣB . The within-covariance matrix
is given by ΣW = ΛWΨWΛ′W + θW and the between-covariance matrix is given by
ΣB = ΛBΨBΛ′B + θB . Notice that both the within- and between- covariances have
a component coming from the common factors (factor scores) and unique factors
(measurement errors or random effects).
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3.2.3 Penalized splines regression

In a parametric framework the functional relationship between covariates and the
response is determined by the model, whereas in a non-parametric framework the
shape is determined by the data. Semi-parametric regression models using penalized
splines (Ruppert et al., 2003) offer the best of both worlds. These can be viewed
as Generalized Linear Mixed Models (Crainiceanu et al., 2005; Eilers & Marx, 1996;
Ruppert et al., 2003).

Let yi be the response for the ith (i = 1, . . . , N) observation and xi the associated
covariate. Consider the regression model

yi = f(xi) + εi, (3.9)

where εi are independent and identical normal distributed (εi ∼ N (0, σ2
ε )), εi is

independent of xi and f(.) is a smooth function. Though the smooth function can
be modeled using various kind of splines (e.g., B-splines and cubic splines), in this
thesis we restrict ourselves to the low-rank thin-plate splines.

The low-rank thin-plate spline model for f(.) is

f(xi,θ) = β0 + β1xi +

K∑
k=1

uk|xi − ϑk|3, (3.10)

where θ = (β0, β1, u1, . . . , uK)′ is a vector of parameters, and ϑ1 < ϑ2 < . . . < ϑK
are fixed knots. To avoid over fitting, minimize

N∑
i=1

(yi − f(xi,θ))2 +
1

λ
θ′Dθ, (3.11)

where λ is the smoothing parameter andD =
[

02×2 02×K
0K×2 ΩK

]
is a positive semi-definite

penalty matrix. The (l, k)th entry of ΩK is |ϑl−ϑk|3 and penalizes only coefficients
of |xi − ϑk|3.

Dividing (3.11) by the error variance yield

1

σ2
ε

||Y −Xβ −ZKu||2 +
1

λσ2
ε

u′ΩKu, (3.12)

where Y = (y1, . . . , yN )′, X is a matrix with the ith row Xi = (1, xi), ZK is
a matrix with the ith row ZKi = (|xi − ϑ1|3, . . . , |xi − ϑK |3), β = (β0, β1)′ and

u = (u1, . . . , uK)′. Let λ =
σ2
u

σ2
ε

and consider the vector u as a set of random effects

with mean 0 and variance-covariance matrix σ2
uΩ
−1
K . If the vector of random effects

and error terms, (u′, ε′)′, is a normal random vector and u and ε are independent
then the penalized spline model can be represented as a (generalized) linear mixed
model

Y = Xβ +ZKu+ ε, (3.13)
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where cov ( uε ) =
[
σ2
uΩ−1

K 0

0 σ2
ε IN

]
.

Let b = Ω
1/2
K u and Z = ZKΩ

−1/2
K then the mixed model in (3.13) is equivalent

to

Y = Xβ +Zb+ ε, (3.14)

where cov ( bε ) =
[
σ2
u IK 0

0 σ2
ε IN

]
.

The mixed model in (3.14) could be fit in a frequentist or Bayesian framework.

3.3 Estimating the model parameters

In this section we briefly review the estimation approaches used in this thesis. We fo-
cus on the random effects logistic regression model since estimation in factor analysis
and the penalized splines regression model can be implemented in a similar way.

3.3.1 Frequentist approach

Frequentist inference is associated with the frequency interpretation of probability.
That is, any given experiment can be considered as one of an infinite sequence of
independent repetitions of the same experiment. Under this approach, unknown
parameters are treated as having fixed but unknown values. This leads to an infer-
ential set up on which classical methodologies of statistical hypothesis testing and
confidence intervals are based. For instance, a frequentist 100(1 − α)% confidence
interval is an interval that includes the fixed but unknown parameter of interest with
probability 1− α under repeated sampling.

To obtain the parameter estimates (and their precision) in a frequentist way, we
have to maximize the total marginal likelihood (3.3) which results in the Maximum
Likelihood Estimate (MLE). The Standard Error (SE) of the MLE can be obtained
by taking minus the inverse of the Hessian matrix evaluated at the MLE. Note that
calculating the total marginal likelihood requires the evaluation of an integral as
shown in equation (3.2). However, in most cases no analytic solution is available. One
way to get over this predicament is to use numerical approximations to approximate
the total marginal likelihood hence enabling maximum likelihood estimation of the
parameters.

A number of numerical techniques to approximate the integral (3.2) have been
suggested in the literature, e.g., Gaussian quadrature and adaptive Gaussian quadra-
ture (with Laplace approximation being a special case). In Gaussian quadrature,∫
f(z)φ(z)dz is approximated by the weighted sum

∫
f(z)φ(z)dz ≈

Q∑
q=1

wqf(zq), (3.15)
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where f(z) is a known function, in this case the loglikelihood function, φ(z) the
density of the standard normal distribution and Q is the order of the approximation.
The quadrature points, zq are solutions to the Qth order Gauss-Hermite polynomial
and the wq are appropriately chosen weights. In general, higher orders of Q will lead
to a better approximation.

In the Gaussian quadrature, the quadrature points are fixed and may or may
not lie in the region where the likelihood is high. Hence in general, a large number
of quadrature points (Q) might be necessary to attain reasonable accuracy when the
random effects show a large variability. An adaptation of the Gaussian quadrature,
called adaptive Gaussian quadrature, centers the quadrature points with respect to
the mode of the function to be integrated. Lesaffre & Spiessens (2001) advocated the
use of adaptive Gaussian quadrature over Gaussian quadrature. For a more detailed
discussion on (adaptive) Gaussian quadrature and other numerical approximation
approaches we refer to Molenberghs & Verbeke (2005) and Fahrmeir & Tutz (1997).

Software for the frequentist approach

Gaussian and adaptive Gaussian quadrature are implemented in SAS procedures
MIXED, GLIMMIX and NLMIXED; STATA procedure GLAMM; and R package
lme4. In this thesis, the R (R Development Core Team, 2011) package lme4 (Bates
& Maechler, 2010) was used in fitting the random effects logistic regression model.
Multilevel factor analysis using adaptive Gaussian quadratures can be implemented
in STATA. However in this thesis we restricted the fitting of the multilevel factor
analysis model to the maximum likelihood module of MPLUS.

3.3.2 Bayesian approach

The Bayesian approach is another technique which can be used to obtain parameter
and precision estimates. Unlike in the frequentist approach where parameters are
viewed as unknown constant truths, in a Bayesian context all parameters are viewed
as random variables and data is used to update prior belief regarding these param-
eters. The Bayesian approach allows for the incorporation of prior information in
addition to the data. Prior information of some degree can help in strengthening
inferences about the unknown parameters and can help in reducing necessary sample
sizes. Direct probability statements can be made on the parameters of interest.

The prior distribution expresses prior knowledge about the parameters. This
prior knowledge may come from previous but similar situations or experiments, a
pilot study or even the opinion of experts in the field of study. Priors can be infor-
mative, i.e., they express specific information about the parameters of interest, or
they can be non-informative, i.e, they express ignorance (vague information) about
the parameter in question.

In the Bayesian approach the whole posterior distribution of the parameter of
interest is obtained but is often summarized by the posterior mean, median and
standard deviation. The Bayesian approach permits the estimation of summary
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measures which may be difficult to compute in a frequentist approach e.g. the credible
interval of ratio of the 90th quantile to the 10th quantiles of standardized morbidity
rates in Belgian acute hospitals (Van den Heede et al., 2006).

In the random effects logistic model two quantities are of interest, the regression
coefficients β and the random effects covariance matrix D. Assume that the prior
densities of β and D are given by P (β) and P (D), respectively. By using Bayes’s
Theorem the prior information and the data (likelihood) can be combined to yield
the posterior distribution P (β,D|Y ) as shown in equation (3.16).

P (β,D|Y ) =
P (Y |β,D)P (β)P (D)∫ ∫
P (Y |β,D)P (β)P (D)dβdD

, (3.16)

with P (Y |β,D) =
∏n
i=1

∫ ∏mi
j=1 P (Yij = 1|β, bi)f(bi|D)dbi. The denominator in

(3.16) is the marginal distribution of the data (normalizing constant), P (Y ), and is
independent of both β and D (but involves choice of priors P (β) and P (D)).

P (β,D|Y ) ∝ P (Y |β,D)P (β)P (D), (3.17)

since data are considered constant in a Bayesian analysis.

The inclusion of the intractable integral in (3.17) makes it difficult to derive
the necessary summary measures such as the mean, median and standard deviation
from the posterior distribution. Expectation maximization algorithm or sampling
based approaches (see next section) can be used to bypass the need for integration by
augmenting the unknowns (β,D) with the latent random effects b. This technique is
called Data Augmentation (Albert & Chib, 1993; Azevedo et al., 2011) and implies
in this case that (3.17) turns into the augmented posterior distribution given by,

P (β,D, b|y) ∝
n∏
i=1

mi∏
j=1

P (Yij = 1|β, bi)f(bi|D)P (β)P (D). (3.18)

The augmented posterior distribution is easier to sample from than the marginal
posterior distribution and satisfies P (β,D|Y ) =

∫
P (β,D, b|Y )db. However, all

marginal posterior properties of (β,D) are the same regardless of whether they are
obtained from (3.17) or from marginalizing (3.18) over b1. Hence inference can be
based on the augmented version of the posterior distribution.

In multilevel factor analysis, Data Augmentation is used for both continuous and
binary responses. When continuous responses are considered the observed data are
augmented with random effects and factor scores. For binary responses, in addition
to the random effects and factor scores, the observed data are also augmented with
the continuous latent Gaussian responses (latent variable approach). The latent
Gaussian responses are treated as parameters and are sampled from the model.
This permits flexible model assessment on the latent Gaussian responses.

1Marginalization-average over random effect realizations
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Markov Chain Monte Carlo Sampling

Different types of methods can be used to implement the Bayesian approach (Carlin
& Louis, 2009), but here we concentrate on Markov Chain Monte Carlo methods.
Markov Chain Monte Carlo (MCMC) methods operate by sequentially sampling
parameter values from the posterior distribution.

The basic idea behind MCMC sampling is to simulate samples, θ(s) = (θ
(s)
1 , . . . , θ

(s)
p )

from the posterior distribution P (θ|Y ). The samples are drawn sequentially. This
means that the distribution of the current sampled value depends on the last sampled
value. The values are, however, not immediately drawn from the posterior distribu-
tion. An initial part, called the burn-in part, needs to be discarded. The quality
of the MCMC sample depends on how quickly the sampling procedure explore the
posterior distribution. This can be inferred from trace plots which are indices of
the sampled values. This is used as an informal check of the convergence of the
MCMC samples but there do exist more formal checks, e.g., Gelman-Brooks-Rubin
diagnostic. Upon convergence, there is a need to sample further to guarantee that
the sampled posterior summary measures have the desired accuracy.

MCMC sampling offers a way to sample from the posterior distribution in cases
when the analytic or numerical approximations fail. The majority of Bayesian
MCMC computations are achieved by using one of the two basic algorithms, i.e. the
Gibbs sampler (Gelfand & Smith, 1990; Geman & Geman, 1984) and Metropolis-
Hastings algorithm (Hastings, 1970; Metropolis et al., 1953).

The Gibbs sampler is a MCMC algorithm that has been found very useful in
multidimensional problems. The sampling mechanism is defined in terms of sub-
vectors of θ. At the sth iteration, the Gibbs sampler cycles through the sub-vectors
of θ, sampling the ith component of θ, θi, from the full conditional distribution, i.e.

Pi(θi|θ(s−1)(−i) ,Y ), (3.19)

where θ(−i) = (θ1, · · · , θi−1, θi+1, · · · , θp)′ represents all the components of θ, ex-

cept for θi. At the completion of these steps, the vector θ(s) = (θ
(s)
1 , · · · , θ(s)p )′

provides the simulated value of θ at the sth iteration. The p steps of this Gibbs
sampling scheme complete one iteration of the simulation method. In many cases,
the Gibbs sampler is easy to implement especially when the prior distributions of
the parameters are conditional conjugate. In that case sampling the full conditionals
can be done with standard sampling algorithms otherwise general purpose sampling
algorithms should be used, e.g., slice and adaptive rejection sampling.

The second MCMC algorithm is the Metropolis-Hastings (M-H) algorithm. The

M-H algorithm is based on a proposal density, {Q(θ∗|θ(s−1)) ,s = 1 . . .} in which
future samples are proposed in combination with a rejection step. For the M-H algo-
rithm the candidate proposal density is asymmetrical in its arguments (Q(θ∗|θ(s−1)) 6=
Q(θ(s−1)|θ∗)). A simpler version of the M-H algorithm is the Metropolis algorithm

with the candidate proposal density being symmetrical in its arguments (Q(θ∗|θ(s−1)) =

Q(θ(s−1)|θ∗)).
In situations where some of the parameters have full conditionals which are
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difficult to sample from, a hybrid algorithm called “Metropolis within Gibbs” can
be used. In that case, one uses the Gibbs sampler but sampling the difficult full
conditional is done using a single iteration Metropolis step.

Software for Bayesian data analysis

There are various software programs which can fit models using the Bayesian ap-
proach. Some software can fit specialized models using both Bayesian and frequentist
approaches, for example R Development Core Team (2011) and SAS Institute (2001).
WinBUGS and JAGS are software programs developed exclusively for Bayesian anal-
ysis.

The random effects logistic regression model was fitted using Metropolis within
Gibbs sampling in JAGS (Plummer, 2003). The data preparation for the Bayesian
random effects logistic regression models was done in R (R Development Core Team,
2011) and JAGS was evoked within R via the package R2jags (Su & Yajima, 2011).
JAGS output was returned to R for post processing. In some models presented in
this thesis, WinBUGS (Spiegelhalter et al., 2003) was the Bayesian software used
and it was also evoked within R via the R2WinBUGS (Sturtz et al., 2005) package.
The models for binary responses were not restricted to just the logit link, other link
functions such as the probit and the complementary log log (cloglog) link functions
were considered as part of sensitivity analysis. Different distributions for the priors
were also considered.

Multilevel factor analysis models were fitted using the BAYES module of MPLUS.
However, it should be noted that this module is still not well developed and was not
flexible enough to allow computation of some of the Bayesian quantities encountered
in this thesis. For instance, it was not possible to compute the χ2 goodness-of-fit
discrepancy measure (or its Posterior Predictive P-value) for binary responses in
MPLUS. Due to these limitations, much of the multilevel factor analytic modeling
was carried out using JAGS. We used the latent variable approach in fitting fac-
tor analytic models. With regards to the latent variable approach, we restricted
ourselves to JAGS as it proved superior to WinBUGS in implementation.

Penalized splines regression was fitted using low-rank thin-plate splines as they
tend to have very good numerical properties. In a Bayesian context, the posterior
correlation of parameters of the thin-plate splines is much smaller than for the other
basis hence greatly improving mixing.

Convergence diagnostics were carried out using plots (e.g. traceplots) and sum-
mary measures like the Gelman-Brooks-Rubin diagnostic. A vast array of conver-
gence diagnostics were obtained using the CODA (Plummer et al., 2010) package
in R. Model comparison was done using the Deviance Information Criteria (DIC)
(Spiegelhalter et al., 2002). Model assessment consisted of sensitivity analysis and
Posterior Predictive Checks.
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Abstract

Studies based on aggregated hospital outcomes data have established that there is
a relationship between nurse staffing and adverse events. However, this result could
not be confirmed in Belgium where 96 per cent of the variability of nurse staffing
levels over nursing units (belonging to different hospitals) is explained by within-
hospital variability. To better appreciate the possible impact of nurse staffing levels
on adverse events, we propose a multilevel approach reflecting the complex nature
of the data. In particular we suggest a clustered discrete-time logistic model that
captures the risks associated with a given unit in the patient’s trajectory through
the hospital. The model also allows for nurse staffing levels to affect the current
and subsequent nursing unit (carry-over effect). In the model ‘time’ is represented
by the sequential number of the nursing unit that the patient is passing through.
The model incorporates hospital and nursing unit random effects to express that
patients treated in the same hospital and taken care of by nurses of the same unit
share a common environment. In this study we used Belgian national administrative
databases for the year 2003 to assess the relationship between nurse staffing levels
and nurse education variables with in-hospital mortality. The analysis was restricted
to elective cardiac surgery patients. Lower nursing unit staffing levels in the general
nursing units were associated with high in-hospital mortality in units past the tra-
ditional cardiac surgery nursing units.

Keywords: multilevel; non-hierarchical; logistic; discrete time; clustered data
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4.1 Introduction

Patient safety issues in hospital settings reached worldwide prominence with the
publication of the ‘To Err is Human’ report by the Institute of Medicine in 1999
(Kohn et al., 1999). The increased attention for this topic is in particular owed to
the publication of the estimates that between 44 000 and 98 000 deaths occur as a
consequence of medical errors in U.S. hospitals each year. Patient safety is defined
as ‘the absence of the potential for, or occurrence of, health care-associated injury to
patients created by avoiding medical errors as well as taking action to prevent errors
from causing injury’ (AHRQ, 2004). Adverse events that are ‘injuries caused by
medical management rather than by underlying disease or condition’ (Kohn et al.,
1999) can be used as proxies of patient safety.

In the middle of the nineteenth century, Florence Nightingale pioneered epidemi-
ological and statistical methods to study hospital death rates. Using registration data
she observed that death rates in hospitals could be reduced by investing in better
sanitation (nursing) (Iezzoni, 2003). In the early twentieth century, Ernest Codman
was the first to systematically follow all patients to record the ‘end result’ of the
surgical care they received. He linked care, errors and ‘end results’ with the pur-
pose of patient care improvement (Neuhauser, 2002). Despite the pioneering work of
Nightingale and Codman, the measurement of adverse events to improve health care
organization only gained momentum with the publication of the ‘Harvard Medical
Practice Study’ in 1991, one of the two studies on which the “To Err is Human” re-
port estimates were based. Furthermore, research conducted in 7 different countries,
revealed that between 4 and 17 per cent of hospitalized patients experience at least
one adverse event during a hospital episode (Baker et al., 2004; Wilson et al., 1995).

The Institute of Medicine recommended in 1996 to urgently invest in research
determining the relationship between hospital outcomes and nurse staffing levels,
since a literature review illustrated that there was no systematic evidence supporting
the relationship (Wunderlich et al., 1996). More than 100 papers reporting on the
association between nurse staffing levels and patient safety were published in the last
decade using a variety of study approaches and data sources. Most of these studies
support the notion that nurse staffing levels are related to patient safety in acute
hospitals. The undisputed landmark study in this study domain is that of Aiken
et al. (2002), where nursing information was aggregated at the hospital level and
established that nurse’s workload is associated with 30-day mortality and failure-to-
rescue (death after a complication). A second paper from this group also concluded
that hospitals with higher educated nurses are associated with low 30-day mortality
and failure-to-rescue rates (Aiken et al., 2003).

The aim of the present study is to determine the impact of nurse staffing levels
and/or nurse education on in-hospital mortality exploiting the multilevel structure of
the data. Though the data structure is multilevel, it is not completely hierarchical
hence classical multilevel modeling is not appropriate. Instead we developed an
appropriate model that mimics the patient trajectory and hence accommodates the
true structure of the data. This article is organized as follows. Section 4.2 gives a
general description of the data, the study population and the variables used in this
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article. In Section 4.3 we first discuss the pros and cons of some standard modeling
approaches to analyze the data at hand and then move to the suggested clustered
discrete-time logistic model. In Section 4.4 we apply our model to the Belgian data.
The article ends with a discussion in Section 4.5.

4.2 The Belgian databases

A variety of data sources are used in the nurse staffing and patient safety research.
However, most large multi-center studies use hospital discharge data sets to obtain
adverse events records and nurse surveys or administrative data to measure nurse
staffing levels. Hospital discharge databases generally contain information about
demographic characteristics, discharge status, length of stay, diagnoses based on
International Classification of Diseases, 9th Revision, Clinical Modification (ICD-
9-CM), and procedures. In Belgium all acute hospitals contribute to the Belgian
Hospital Discharge Data set (B-HDDS). Individual nursing unit data on staffing
patterns and the nature of nursing care can be obtained from the Belgian Nursing
Minimum Data set (B-NMDS) (Sermeus et al., 2008). Although these data bases
contains a large population of nurses, there are some limitations, e.g. (a) for B-
HDDS: some diagnoses are not assigned a time stamp (date) and in some cases it
might be difficult to distinguish comorbidity from an adverse event (complication),
(b) for B-NMDS: there might be problems in distinguishing staff involved in in-
patient and out-patient activities.

In this study we used the B-HDDS and the B-NMDS for the year 2003 to as-
sess the relationship between nurse staffing variables (nurse staffing levels and nurse
education) and in-hospital mortality.

The study sample is restricted to all patients, aged between 20 and 85 years, who
were electively admitted to a Belgian acute hospital for a coronary artery bypass graft
(CABG) or heart valve procedure. We considered patients as having a CABG or
heart valve procedure if they were assigned to one of the following categories from All
Patients Refined Diagnosis-Related-Group (APR-DRG): 162, 163, 165 and 166 (Van
den Heede, 2008). The selected cardiac procedures involved specialized care that is
delivered in 29 of the 115 Belgian acute care facilities. One hospital was dropped
from the analysis because there was no link between the two administrative data
bases. Since we are interested in how nurse staffing variables affect mortality during
the postoperative period, patients who died before their surgical procedure were
removed from our analysis (0.4 per cent). Also excluded from analysis were patients
whose records did not permit linkage to a specific nursing unit postoperatively (2.5
per cent). The final sample comprised 9,054 patients.

The response used in this paper is in-hospital mortality which could be considered
a surrogate of patient safety. Unlike the other adverse events (e.g pressure ulcers and
pneumonia) one can pinpoint the nursing unit where the death occurred. However,
a downside of using in-hospital mortality is that we are diluting mortality caused
by medical errors and “naturally” occurring mortality. To establish the relationship
between nurse staffing variables and in-hospital mortality, there is a need to control
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for confounders. The considered covariates (including confounders) in this study,
were taken at (a) patient level, (b) nursing unit level and (c) hospital level.

The patient characteristics considered are age of patient (age), gender of patient
(male=1 for males or 0 otherwise), type of surgical procedure i.e. APR-DRG (162,
163, 165 or 166) and Risk of Mortality (ROM: 1=Minor, 2=Moderate, 3=Major,
4=Extreme). ROM categories represent the likelihood for a given patient to die
and were based initially on all available secondary diagnoses (Weingart et al., 2000)
and calculated using the 3M grouper software (Averil et al., 1997). Unfortunately
secondary diagnoses may represent co-morbidities as well as complications. This
might lead to an over-correction of the relationship between staffing variables and
in-hospital mortality. Therefore, the final ROM categories were calculated without
in-hospital complications. But, there is no best solution to the problem since by
doing so, there is now a danger of under-correction.

The nursing unit characteristics considered include: nurse staffing levels, ed-
ucational level of nurses and intensity of nursing care (measure to quantify how
much care patients need) (Sermeus et al., 2008). In this paper intensive care will be
denoted as IC and general nursing unit as G. In particular, the variables are inten-
sive care nurse staffing levels (IC−Staff), general nursing unit nurse staffing levels
(G−Staff), percentage of nurses with a bachelor degree in intensive care nursing
unit (IC−%Bat), percentage of nurses with a bachelor degree in general nursing unit
(G−%Bat), intensity of nursing care for intensive care nursing unit (IC−Intensity)
and intensity of nursing care for general nursing unit (G−Intensity). The nursing
unit characteristics are allowed to influence current and subsequent units (carry-over
effect).

For hospital characteristics we considered yearly volume of the cardiac proce-
dures (volume), the average of IC-Staff caring for cardiac surgery patients in a
hospital (IC − Staff), average of G−Staff caring for cardiac surgery patients in
a hospital (G− Staff), the percentage of IC unit nurses caring for cardiac surgery
patients with a bachelor degree in hospital (IC −%Bat) and the percentage of G
unit nurses caring for cardiac surgery patients with a bachelor degree in hospital
(G−%Bat). Standard methods used in analyzing clustered data model the rela-
tionship between the covariates and the response without partitioning the covariate
effect into the between- and within-cluster effects. That is, they implicitly assume
that the effects are identical which may lead to misleading inferences (Neuhaus &
Kalbfleisch, 1998). By including the nurse staffing variables at nursing unit level
and averaging them over the nursing units to create mean nurse staffing variables at
hospital level, we have taken these effects into account. This can also reduce the bias
in parameter estimates induced when the random effects are correlated with some
of the covariates (Neuhaus & Kalbfleisch, 2006).
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4.3 Statistical modeling

In order to adequately assess the impact of nurse staffing variables on in-hospital
mortality, the statistical models should reflect the data structure. However, many
studies on hospital outcome data have not adequately addressed the complex nature
of the data and the statistical models are sometimes based on strong unjustified
assumptions (Aiken et al., 2003, 2002; Needleman et al., 2002). In the first part of
this section, we describe some simple approaches that have been used in the literature
to analyze hospital outcomes data and highlight the limitations of these approaches.
In the second part, we introduce the clustered discrete-time logistic model.

4.3.1 Some possible approaches

The data set in this study is clustered in nature, that is, patients are clustered
in nursing units and nursing units are clustered within hospitals. These levels of
clustering lead to dependencies within hospitals and within nursing units, that is,
patients in the same nursing unit are exposed to the same nursing care and nursing
units in the same hospital are directed by the same management. Some studies were
based on aggregated nursing unit information resulting in a 2-level data structure:
patient level and hospital level (Aiken et al., 2002). The Generalized Estimating
Equation approach (GEE) can then be used to evaluate the relationship between
nursing variables and adverse events. GEE parameter estimates have a marginal or
population average interpretation, whereas those of multilevel models have a con-
ditional interpretation. This approach correctly adjust the standard errors of the
parameter estimates for the dependencies in the data without necessarily modeling
the dependency structure. We used such an approach on the Belgian data set and
thereby replayed the analysis of Aiken et al. (2002). However, our analysis did not
show a significant relationship between the nurse staffing variables and various ad-
verse events. The reason for the failure to confirm the results of the study of Aiken
et al. (2002) appeared to be that there is much more variability within hospitals than
between hospitals with respect to nurse staffing variables. By aggregating covariate
information from the nursing unit level to hospital level, a lot of valuable detailed
information is lost.

To examine the relationship between nurse staffing variables and the occurrence
of adverse events one must realize that the data show a multilevel but not truly hi-
erarchical nature. Indeed, patients can reside in more than one nursing unit during
their hospital stay. One way to get around this obstacle is to force the data to be
hierarchical by picking out one nursing unit. Moreover, there are serious problems
with this approach, since it is not clear which nursing unit to chose. Indeed, the
entire patient trajectory is important since an adverse event may develop in one of
the nursing units but manifest itself in another unit. That is, there may be some
carry over effects that cannot be addressed by a classical hierarchical model. Also
the estimated variance components coming from the hierarchical model may be bi-
ased (Leyland & Goldstein, 2004). An alternative approach for analyzing these data
is to use non-hierarchical multilevel models such as the Multiple Membership model
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(MM model). In an MM model the lower-level units are influenced by more than one
higher-level unit. In this approach the nursing units are assigned weights propor-
tional to the patient’s length of stay. However length of stay is not a good measure
to base these weights on as length of stay in a nursing unit could be influenced to a
large extent by the development of adverse events.

4.3.2 The clustered discrete-time logistic model

Introduction.

We propose the clustered discrete-time logistic model to analyze the relationship be-
tween nurse staffing variables and in-hospital mortality. This model is an extension
of the discrete-time logistic regression model (Singer & Willett, 1993). Applied to
the current settings, the discrete-time logistic model assumes that the logit of the
probability of death in a given nursing unit, conditional that death has not occurred
prior to that nursing unit, is a linear function of the covariates (risk adjusters in-
cluded) and time-specific intercepts. Here, time represents the sequential number of
the nursing unit that a patient passes through. In the clustered discrete-time logis-
tic model, we further adjust for the clustering of patients within nursing units and
within hospitals through random intercepts. The entire patient trajectory consists
of the preoperative nursing units, the operation theater(OT) and the postoperative
nursing units. The preoperative nursing unit was not considered in the model as the
incidence of adverse events is quite low (0.4 per cent) and we believe that adding this
unit to the model offers little gain in understanding the relationship between nurse
staffing variables and in-hospital mortality. This gives the OT (unit 1), first postop-
erative IC nursing unit (unit 2), first postoperative G nursing unit (unit 3) and an
artificial unit (unit 4) representing all postoperative nursing units that the patient
might travel through after the first postoperative general nursing unit. We evalu-
ate the immediate and carry over effects of nurse staffing variables on the patient’s
outcome.

Model description.

Suppose an event can occur in one of J nursing units and assume that a patient is
followed up to the unit where the event occurs or up to the last unit if the event does
not occur. Let Yijk be the variable denoting the occurrence of death for the kth (1 ≤
k ≤ nij) patient in the jth (1 ≤ j ≤ ni) nursing unit of the ith (1 ≤ i ≤ N) hospital.
Let xijk denote the vector of covariates, that is the history of patient k in hospital
i up to unit j. This vector contains risk adjusters and nurse staffing variables. The
effect of the risk adjusters is considered to be the same for all nursing units but for
nursing intensity and nurse staffing variables their effect are allowed to depend on
the nursing unit. Carry-over effects of IC and G nurse staffing variables are also
taken into account. Let bik represent the vector of random effects associated with
the kth patient in the ith hospital. Further, let π(xijk,bik) denote the conditional
probability that the kth patient in the ith hospital dies in the jth (post)operative
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nursing unit, i.e.

π(xijk,bik) = P (Yijk = 1|Yij′k = 0 ∀ j′ < j,xijk,bik) (4.1)

The last nursing unit that a patient stays in (jik) can be unit 1 (patient dies in op-
eration theater), unit 2 (patient dies in intensive care nursing unit), unit 3 (patient
dies/is discharged in general nursing unit) or unit 4 (patient dies/is discharged after
the general nursing unit).

The clustered discrete-time logistic model used here is defined as follows:

logit(π(xijk,bik)) =


β′xijk + bi + b1ik, for OT

β′xijk + bi + b2ik, for IC

β′xijk + bi + b3ik, for G

β′xijk + bi + b4ik, for 4th Unit

(4.2)

where bik = (bi, b1ik, b2ik, b3ik, b4ik)T represents the vector of random effects,
with bi, b1ik, b2ik, b3ik and b4ik representing the hospital, OT, IC nursing unit, G
nursing unit and 4th unit random effects, respectively [bik ∼ N(0,D) where D =
diag(σ2

1 , σ
2
21, σ

2
22, σ

2
23, σ

2
24)]. Typically a patient will stay in unit 4 if complications

occurred in unit 3.

The conditional likelihood contribution (conditional on the random effects) for
the kth patient in the ith hospital who stayed up to nursing unit jik (last unit for
that patient) is

Lik(β,bik|yik) ≡ p(yik|β,bik) = π(xijikk,bik)yijikk
jik∏
j=1

(1− π(xijk,bik))(1−yijk)(4.3)

where yik is a vector of responses for the kth patient in the ith hospital.

The marginal likelihood is obtained as a product of Lik(β,bik|yik) over all pa-
tients and whereby the random intercepts have been integrated out. Maximizing this
likelihood yield the Maximum Likelihood Estimates of the fixed effects parameters
as well as the variance components. Another approach is to use a Bayesian model
fitting technique. This employs Markov Chain Monte Carlo (MCMC) techniques to
estimate the parameters of model (4.2) using WinBUGS (Lunn et al., 2000). The
R package CODA (Plummer et al., 2010) was used to assess MCMC convergence
through various convergence diagnostics. Given the prior distributions of β (p(β))
and of D (p(D)) representing the model parameters of the random effects distribu-
tion, the posterior distribution can be computed as follows:

p(β,b|y) ∝
N∏
i

ni∏
k

p(yik|β,bik)

N∏
i

ni∏
k

p(bik|D)p(D)p(β). (4.4)



4.4. RESULTS 35

For model assessment, we noted how sensitive our analysis is with respect to
varying the link function and the distribution of the random effects. More specif-
ically, (a) we replaced the logit link function by the complementary log(-log) link
and (b) we assumed a Student-t distribution (with varying degrees of freedom but
also estimating the degrees of freedom) for the random effects distribution. The
alternative models were compared with model (4.2) using the Deviance Informa-
tion Criterion (DIC) (Spiegelhalter et al., 2002). Posterior Predictive Checks (PPC)
were employed to assess the goodness-of-fit of model (4.2) using discrepancies. The
discrepancy (T) used here is the sum of in-hospital mortality over a subset of the
observations. Different versions of T might be considered:

T1,i(yi;θ) =

ni∑
k=1

jik∑
j=1

yijk, where i = 1, 2,. . . ,27 or 28, (4.5)

T2,t(yt;θ) =

N∑
i=1

ni∑
k=1

yij(t)k, where t = 1, 2, 3 or 4 , (4.6)

where j(t) signifies that the jth nursing unit is in position t of the patient trajectory;
θ = {β,D} represents the total parameter vector; y, yi and yt represent the total
vector of responses, the total vector of responses for the ith hospital and the total
vector of responses for the tth discrete ‘time’, respectively. The above discrepancies
are inspired by the Hosmer and Lemeshow goodness-of-fit test (Hosmer & Lemeshow,
1989). They partition the total set of observations into deciles of risk, but here we
partition the total set of observations according to hospitals and according to units
(discrete time points).

From the PPC we calculated the Bayesian p-value (Gelman et al., 1996) as

pB = P (T (yrep;θ) ≥ T (y;θ)|y) (4.7)

=
1

M

M∑
m=1

I(T (yrepm ,θm) ≥ T (y,θm)) (4.8)

where I(.) takes the value 1 if the condition is true and takes the value 0 otherwise,
yrepm is the mth replication from the posterior predictive distribution. If the model
is appropriate then the posterior predictive replications should look similar to the
observed data. We will consider Bayesian p-values close to 0 (≤ 0.1) and close to 1
(≥ 0.9) as extreme.

4.4 Results

Most in-hospital deaths were observed in the group of patients categorized as ROM
4 (247 deaths), followed by ROM 3 (24 deaths), then ROM 2 (5 deaths) and ROM
1 (4 deaths). Table 4.1 shows the percentage of in-hospital deaths for some of the
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Table 4.1: Percentage of in-hospital deaths

Characteristic Percentage of deaths

Gender: Males Females

2.5 4.6

Age groups: 20− 34 35− 49 50− 64 65− 79 80+

0 0.4 1.6 3.5 7.6

APR-DRG: 162 163 165 166

7.2 3.7 3.8 2.0

ROM: 1 2 3 4

0.1 0.2 1.1 20.2

Unit: 1 2 3 4

0.0 2.1 0.4 8.6

covariates. The proportion of deaths is highest for the group of patients who stayed
past the traditional cardiac surgery nursing units (Unit 4).

We ran three MCMC chains each for 50 000 iterations and employed a thinning
ratio of 50.There was no evidence suggesting that the MCMC had not converged
as all the diagnostic measures were within acceptable limits, e.g. the Brooks, Gel-
man and Rubin’s diagnostics (R̂) were close to 1 and there was a quick mixing of
MCMC chains. The continuous covariates were centered around their mean and
standardized.

4.4.1 Model results

The variables volume, male, age, APR-DRG, ROM, IC − Intensity, G− Intensity,
IC − Staff and G− Staff were considered as risk adjusters from the literature;
hence, these variables were retained in the model irrespective of their statistical
importance. As for the within-hospital nursing variables (nurse staffing levels and
nurse education at the nursing unit level), they were dropped when the 95% cred-
ible interval (CI) of their regression coefficient included 0 and the same is true for
between-hospital nurse staffing variables provided their associated within-hospital
nurse staffing variables were not statistically important. Table 4.2 shows the poste-
rior means and 95 per cent CIs of the parameter estimates and the odds ratios of
the final model. From this model, one can conclude that there is a carry-over effect
of general nursing unit staffing levels, i.e. cardiac surgery patients who stay past the
postoperative general nursing unit where nurse staffing levels are relatively high, are
associated with a lower risk of dying. Note that despite the 95 per cent CI of the
odds ratios for the average (between-hospital) nurse staffing level variables contains
1, they were retained in the model. The reason for this is that we have split up
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Table 4.2: Results of Bayesian analysis of the clustered discrete-time logistic
regression model.

Effect Mean (95 per cent CI) Odds Ratio(95 per cent CI)

Intercept −11.883 (−14.081;−10.150) - ( - ; - )

Unit 2 4.803 ( 3.596; 6.678) 330.331(36.451 ; 794.928)

Unit 3 2.637 ( 1.147; 4.529) 42.907( 3.149 ; 92.673)

Unit 4 3.978 ( 2.102; 6.123) 186.768( 8.181 ; 456.243)

volume −0.115 ( −0.462; 0.229) 0.905( 0.630 ; 1.257)

male −0.157 ( −0.306; −0.011) 0.857( 0.736 ; 0.989)

age 0.414 ( 0.156; 0.675) 1.526( 1.169 ; 1.964)

APR-DRG 162 0.000 ( 0.000; 0.000) 1.000( - ; - )

APR-DRG 163 0.117 ( −0.383; 0.647) 1.163( 0.682 ; 1.911)

APR-DRG 165 −0.055 ( −0.548; 0.459) 0.977( 0.578 ; 1.582)

APR-DRG 166 −0.149 ( −0.665; 0.394) 0.893( 0.515 ; 1.483)

ROM 1 0.000 ( 0.000; 0.000) 1.000( - ; - )

ROM 2 −0.052 ( −1.566; 1.474) 1.258( 0.209 ; 4.367)

ROM 3 2.023 ( 0.923; 3.304) 9.238( 2.518 ; 27.223)

ROM 4 5.230 ( 4.249; 6.470) 224.349(70.035 ;645.565)

IC − Intensity 0.269 ( −0.001; 0.573) 1.323( 0.999 ; 1.773)

Carry over IC − Intensity 0.383 ( −0.160; 0.955) 1.527( 0.852 ; 2.599)

G− Intensity −0.150 ( −0.680; 0.332) 0.888( 0.506 ; 1.394)

Carry over G− Intensity −0.058 ( −0.802; 0.657) 1.013( 0.448 ; 1.929)

IC − Staff −0.155 ( −0.496; 0.185) 0.869( 0.609 ; 1.203)

G− Staff −0.326 ( −0.706; 0.049) 0.734( 0.494 ; 1.050)

Carry-over G−Staff −1.075 ( −2.175; −0.138) 0.389( 0.114 ; 0.871)

σ2
21 0.491 ( 0.028; 2.737)

σ2
22 0.150 ( 0.030; 0.449)

σ2
23 0.821 ( 0.048; 2.963)

σ2
24 8.786 ( 2.881; 19.231)

σ2
1 0.428 ( 0.100; 1.030)
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the effect of these variables into a within and a between-hospital effect (see Section
4.2) and for interpretability reasons we preferred to keep both effect in the model.
Further, there seems to be no major impact of the experience of the institution as
expressed by volume (95 per cent CI of the Odds ratio for volume contains 1). Fur-
ther, the odds of death increases with 1.329 (1.112;1.580) for an increase of 10 years
in age. The odds of death is lower for male patients compared to female patients
(0.857 ( 0.739 ; 0.992)).

4.4.2 Model checking

There is no noticeable difference between the model with a complementary log(-log)
link (DIC value = 1822.0) and the model with a logit link (DIC value = 1823.7).
Hence the logit link was retained. While changing the random effects distribution
from normal to Student-t distribution there also was no major difference between
these models. Indeed, for a model where all the random effects follow a Student-
t distribution with four degrees DIC was 1823.4; for a model where all random
effects follow a Student-t distribution but with equal unspecified degrees of freedom
DIC was 1822.9 and the estimated degrees of freedom was 18.9; for a model were
each random intercept follows a Student-t distribution having unspecified degrees of
freedom DIC was 1822.7 and the estimated degrees of freedom were 25.0, 14.6 and
27.9 for hospital, IC and G nursing units respectively. From these results we believe
that the normality assumption on the random effects is justified.

From comparing the observed with the expected number of deaths in each “time
point” we obtained the following Bayesian p-values 0.348, 0.476, 0.447 and 0.468 for
unit 1 to 4, respectively. We performed the same calculations across hospitals and
obtained Bayesian p-values ranging from 0.197 to 0.720. In summary, our sensitivity
analysis does not suggest major discrepancies between the posited model and the
data.

4.5 Discussion

The exploration of health outcomes data is essential in comprehending patient safety
since medical errors cause both human suffering, if not loss of life, but also impact
hospitals financially. Many studies have established a link between nurse staffing
variables and adverse events. Belgium is unique by having two important databases
which can be linked to assess this relationship. In-hospital mortality fails to capture
patients who developed a complication but die past discharge from hospital. How-
ever, the above databases necessitated the use of in-hospital mortality instead of the
preferred 30-day mortality. A further limitation of using mortality as a surrogate
for patient safety is that (in-hospital or 30-day) mortality incorporates ‘naturally’
occurring mortality, i.e. deaths which have nothing to do with patient safety. In
this regard other adverse events appear to be better proxies, e.g. hospital acquired
pneumonia, wound infection, etc. However, these measures lack a time stamp in the
B-HDDS. But, even if a time stamp were available the accuracy of these time stamps
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would be questionable. Finally, since the B-HDDS were established for hospital fi-
nancing purposes not all necessary information was collected, such as information
on the treating physician and surgeons.

The clustered discrete-time logistic model allows for proper modeling of the
dependency structure in non-hierarchical multilevel data structures. Indeed, this
model captures the trajectory of a patient in a hospital and the dependencies of
patients in the same nursing unit and in the same hospital. The discrete ‘time’
points, number of nursing units, can be extended to accommodate all nursing units
in a patient trajectory but then the model becomes less parsimonious. Extending
the model to accommodate all possible paths a patient can take is currently under
investigation. A strength of our model is that it can address the impact of carry-over
effects, that is, nurse staffing variables may affect the current and subsequent nursing
units.

Posterior predictive checks have been criticized in the statistical literature for
their double usage of the data (Bayarri & Castellanos, 2004). Other approaches have
been suggested namely the partial predictive checks (Bayarri & Castellanos, 2004)
and conflict p-values (Marshall & Spiegelhalter, 2003), but there is still debate about
the best approach to assess multilevel models. The advantage of the PPC is that
they are computationally easy to implement as compared to partial predictive checks
and conflict p-values. Given the large size of the data set and the time consuming
model fitting procedures we restricted ourselves to the PPC.

Another approach to assess the impact of nurse staffing variables on adverse
events is the model proposed by Ecochard and Clayton Ecochard & Clayton (2002)
developed to model pregnancies and where the random effects are log-gamma dis-
tributed. We are currently investigating this model.

The nurse staffing levels of the general nursing unit were negatively associated
with in-hospital mortality for patients staying past the first postoperative general
nursing unit. However, we need to realize that the strength of the evidence is not
great. Moreover, a lot of modeling has been involved thereby increasing the chance
for spurious findings. Therefore our results need to be confirmed by additional
studies.
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Abstract

Aim. The aim of this paper is to assess the relationship between (1) in-hospital
mortality and/or (2) unplanned readmission to intensive care units or Operating
Theater, and nurse staffing variables.

Background. Adverse events are used as surrogates for patient safety in nurse
staffing and patient safety research. A single adverse event cannot adequately cap-
ture the multi-dimensional attributes of patient safety; hence there is a need to
consider composite measures. Unplanned readmission into the post-operative Inten-
sive Care nursing unit and/or Operating Theatre and in-hospital mortality can be
viewed as measures that incorporate the effects of several adverse events.

Methods. We conducted a Bayesian multilevel analysis on a subset of the 2003
Belgian Hospital Discharge and Nursing Minimum Data sets. The sample included
9054 patients who underwent coronary artery bypass surgery or heart valve proce-
dures from 28 Belgian acute hospitals. Two proxies of patient safety were considered,
namely post-operative in-hospital mortality in the first post-operative intensive care
unit and unplanned readmission into the intensive care and/or Operating Theatre
(including mortality beyond the first postoperative intensive care unit) after the first
operative intensive care nursing unit.

Results. There is an association between in-hospital mortality and/or un-
planned readmissions and nurse staffing levels but the relationship is moderated
by Volume and Severity of Illness, respectively. In addition, the relationship differs
between the two endpoints.

Conclusion. Higher nurse staffing levels on postoperative general nursing car-
diac surgery units protected patients from unplanned readmission to intensive care
units or Operating Theatre and in-hospital mortality.

Summary statement

What is already known about this topic?

• High nurse staffing levels are associated with low in-hospital mortality rates.

• In Belgium much of the variability in nurse staffing levels is at the nursing
unit level and not the hospital level.

What this paper adds?

• Readmission into the post-operative intensive care and/or Operating Theatre
is a composite measure for all the adverse events a patient can undergo in a
hospital and can be used as a proxy for patient safety.

• Splines can be used as a flexible approach in building risk adjustment models in
studying the relationship between patient safety and nurse staffing variables.
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Implications for practice and/or policy

• The risk associated with a patient in different nursing units is different. There
is need to acknowledge the heterogeneity in risk in assessing the relationship
between patient safety and nurse staffing variables as neglecting this hetero-
geneity in risk might lead to wrong policy decisions.

Keywords: Patient safety; Nurse staffing; Multilevel analysis; Bayesian analysis;
Posterior predictive checks, Splines
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5.1 Introduction

Many studies across the globe have shown that there exists a relationship between
nursing resources, in particular nurse staffing levels (Aiken et al., 2002; Rafferty
et al., 2007; Van den Heede et al., 2009a) and patient safety. Adverse events are
often used as proxies for patient safety. However, since most studies make use of
routinely collected administrative databases numerous measurement problems exist.
An important weakness of many administrative databases is that the information
about the sequence in which events occurred during the course of a patient’s hos-
pitalization is not coded. Therefore, when and where (i.e. which nursing unit) the
adverse events occurred are unknown. Moreover, the presence on admission of sec-
ondary diagnosis is not recorded making it difficult to distinguish co-morbidities
from complications.

Because of these measurement problems authors, frequently, use ’mortality’ as
indicator of patient safety. After all, mortality can be clearly defined and in combi-
nation with a length-of-stay variable the moment (and sometimes the place) when
(and where) a patient died can be calculated (Diya et al., 2010). The main aim of
this paper is, therefore, to explore the relationship between nurse staffing and patient
safety by using an indicator that expands on mortality. ’Unplanned readmission to
the intensive care unit or operating theatre’ was selected as the indicator since this
indicator is assumed to highlight various patient safety problems and can technically
be derived from most administrative databases used within this field of research.

5.2 The study

5.2.1 Aim

The specific objectives of this paper are (1) to study the relationship between
in-hospital mortality and nurse staffing variables for cardiac patients in the first-
operative intensive care nursing unit and (2) to study the relationship between on
one hand nurse staffing variables and on the other hand a composite end-point of
patient readmission to the intensive care unit (ICU) and/or the operating theatre
(OT) and in-hospital mortality for cardiac surgery patients who stayed in the first-
operative general nursing unit (and beyond).

5.2.2 Design

A retrospective analysis of cross-sectionally collected multilevel data was conducted.

5.2.3 Sample

The study sample consists of 9054 patients aged between 20 and 85 years who were
electively admitted to a Belgian acute hospital (n=28) in 2003 for a coronary artery
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Figure 5.1: Cardiac surgery patient trajectory 

 

 

Analysis 1: 

Analysis 2: 
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Note: Pre-Op represents the pre-operative nursing units, OT represents the operating theater, ICU represents the first

post-operative intensive care nursing unit, GU represents the first post-operative general nursing unit and 4th unit

represents the totality of units past the first post-operative general nursing unit.

bypass graft (CABG) or heart valve procedure. Patients were considered as hav-
ing a CABG or heart valve procedure if they were assigned to one of the following
categories from All Patients Refined Diagnosis-Related-Group (APR-DRG), version
15.0: 162 (heart valve procedure with heart catherization); 163 (heart valve proce-
dure without heart catherization); 165 (CABG with heart catherization); and 166
(CABG without heart catherization) (Van den Heede K. et al., 2008b). The selected
cardiac procedures involved specialized care that is delivered in 29 of the 115 Belgian
acute care facilities. One hospital was dropped from the analysis because there was
no link between the two administrative databases.

The pre-operative nursing units were not considered here as there are very few
events occurring in this period and also it is highly unlikely that nurse staffing levels
have a major effect during this period. The Operating Theatre was also dropped as
there were only 3 deaths in the Operating Theatre and no nurse staffing variables
were available. So this paper will concentrate on the period starting with the first
post-operative intensive care nursing unit as shown in Figure 5.1 below.

5.2.4 Data collection

Two routinely collected administrative databases (i.e. the Belgian Nursing minimum
Dataset and the Belgian Hospital Discharge Dataset) for the year 2003 are used.
Both datasets are described in more detail, elsewhere (Van den Heede et al., 2009a).

5.2.5 Ethical considerations

The study committee appointed by the Ministry of Science Policy gave the ethical
approval for this study. The data provided by the Ministry of Public Health of
Belgium did not contain information about the identity of patients or hospitals.
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5.2.6 Data analysis

There are two responses considered. In the first analysis, only in-hospital mortality
is considered (mortality). Mortality is a binary indicator of whether a patient died in
the first-operative intensive care nursing unit (mortality= 1) or the patient proceeded
to the first-operative general nursing unit (mortality= 0). In the second analysis the
response is whether a patient died, readmitted into the Operating Theatre or the
intensive care nursing unit (readmission to ICU/OT= 1). If a patient is discharged
in the first-operative general nursing unit or discharged after staying in units past the
first operative general nursing units (not intensive care nursing units or the Operating
Theater) then readmission to ICU/OT= 0 and it is an indication that the patient
is unlikely to have been exposed to an adverse event. Mortality and readmission
to ICU/OT are alternative surrogates to using only one of the traditional adverse
events, as they can be considered as indirect measures of various adverse events
(e.g. pneumonia, sepsis, shock, delirium). To establish the relationship between
nurse staffing variables and readmission to ICU/OT or mortality, there is a need to
control for confounders. The considered covariates (including confounders) in this
study were taken at (a) patient level (b) nursing unit level and (c) hospital level.

The patient characteristics are age of patient (Age), gender of patient (Male= 1
for males or 0 otherwise), Diagnosis (4 categories; APR − DRG162=heart valve
procedure with heart catherization, APR−DRG163 =heart valve procedure without
heart catherization, APR − DRG165 =CABG with heart catherization, APR −
DRG166 =CABG without heart catherization), Severity Of Illness (SOI: 1 =minor,
2 =moderate, 3 =major, 4 =extreme) and Risk of Mortality (ROM: 1 =Minor,
2 =Moderate, 3 =Major, 4 =Extreme). The ROM categories represent the likelihood
for a given patient to die and were based initially on all available secondary diagnoses
(Weingart et al., 2000) and calculated using the 3M grouper software (Averil et al.,
1997). Unfortunately, secondary diagnoses may represent co-morbidities as well as
complications. This might lead to an over-correction of the relationship between
staffing variables and in-hospital mortality. Therefore, the final ROM and SOI
categories were calculated without in-hospital complications.

The nursing unit characteristics considered include: nurse staffing levels (i.e.
Nursing Hours Per Patient Day or NHPPD), educational level (i.e. percentage of
bachelor prepared nurses) of nurses and an intensity of nursing care (Sermeus et al.,
2008). In particular, the variables are intensive care nurse staffing levels, general
nursing unit nurse staffing levels, percentage of nurses with a bachelor degree in
intensive care nursing unit, percentage of nurses with a bachelor degree in general
nursing unit, intensity of nursing care for intensive care nursing unit and intensity
of nursing care for general nursing unit.

For hospital characteristics we considered the yearly volume of the cardiac proce-
dures (Volume), the average intensive care nurse staffing levels, the average general
nursing unit nurse staffing levels, the average percentage of intensive care nursing
unit nurses with a bachelor degree and the average percentage of general nursing
unit nurses with a bachelor degree.

Note that the raw nurse staffing levels variable (NHPPD) is log transformed
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before being split into the within-part (intensive care nurse staffing levels and general
nursing unit nurse staffing levels) and the between-part (average intensive care nurse
staffing levels and average general nursing unit nurse staffing levels), respectively.
A multilevel approach that does not partition the covariate effect into the between-
and within-cluster effects, can lead to misleading inferences (Neuhaus & Kalbfleisch,
1998). By including the nurse staffing variables at nursing unit level and averaging
them over the nursing units to create mean nurse staffing variables at the hospital
level, one allows that the effect of these covariates might not be the same on the
between- and within-cluster level. For easy of computation, all continuous variables
were centered and standardized (SD=1). This implies that the parameter estimates
obtained are expressed in standard deviation units.

Statistical modeling.

In this paper a 3-level (patient, nursing and hospital level) logistic model was used
(see appendix ). The dependency between patients in the same hospital was captured
through the use of random effects, that is, random intercepts (and random slopes).

Multilevel logistic models, for the two responses, are fitted to the data by making
use of the Bayesian approach employing Markov Chain Monte Carlo (MCMC) tech-
niques (Gelman et al., 2004). The statistical importance of an effect, in a Bayesian
model, is assessed by checking if the 95% credible interval (CI) of that effect does
not contain zero. The variables Volume, Male, Age, Diagnosis, Severity of Illness,
or Risk Of Mortality, intensity of nursing care for intensive care nursing unit and
intensity of nursing care for general nursing unit were considered as risk adjusters
hence these variables were retained in the final models irrespective of their statistical
importance. In building up the model for readmission to ICU/OT, Risk Of Mortal-
ity and Severity Of Illness were compared to check which of the two is a better risk
adjuster as only one of these risk adjusters can be included in the model. However,
in building up the model for mortality only Risk Of Mortality was considered. In
this model Risk Of Mortality categories 1 and 2 were combined (since there is no
event for ROM 1 patients).

Model assessment.

An essential step in constructing and finalizing a statistical model (Bayesian or fre-
quentist) is to have a critical assessment of whether the model is robust against
certain model assumptions (sensitivity analysis) and also whether the model fits the
data well. The Deviance Information criterion (DIC) (Spiegelhalter et al., 2002) is
utilized for comparing models, with a smaller value indicating a more appropriate
model. As a rule of thumb, if two models have a difference of about 5 in their DIC
values then this provides substantial support for the model with the smaller DIC.
The sensitivity analysis will include a check of the link functions (logit, clog-log
and probit), the linearity assumption and the prior specifications with a focus on
the random effects distribution (normal or t- distributions). To check the linearity
assumption, one could transform the covariate (e.g. by log or square root transfor-
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mations) and check (by e.g. DIC) the improvement of the model. However there
are no clear cut guidelines on how to choose the transformation and even if one
can embark on this exercise, there are many possible transformations to try. So
a possible solution is to assume that the continuous risk adjusters possibly exhibit
a non-linear relationship hence use smoothing splines to capture this non-linearity.
A smoothing spline is a function which captures the curvature in the relationship
between the response (or link transformed response) and the covariates of interest.
For more technical details pertaining to splines, see Crainiceanu et al. (2005).

Posterior predictive checks (Gelman et al., 2004) are used to evaluate the goodness-
of-fit of the model. This approach allows for taking any user-defined characteristic
of the data and compare that characteristic obtained from the observed data with
that obtained from simulated data under the assumed model. Here we have taken
the predicted number of events in each hospital, diagnosis group, ROM category
and SOI category and compared them to their respective observed frequency. The
Bayesian p-value is then calculated as the proportion of times (from a Bayesian sim-
ulation) the predicted events are greater (or less) than the observed events. For a
particular characteristic of the data to be judged as being fitted well by the model,
the Bayesian p-value for that attribute should be greater than 0.1 or less than 0.9.

Software.

The model fitting was done in R (R Development Core Team, 2011) using the
R2WinBUGS package (Sturtz et al., 2005) which is an interface between R and
WinBUGS (Lunn et al., 2000).

5.3 Results

5.3.1 Descriptives

The Volume of cardiac procedures ranged from 134 to 945 with a mean (SD) of
403(244) and a median of 316. The patients’ age ranged from 20 years to 85 years
with an average age (SD) of 67(10) years and a median age of 69 years.

First post-operative IC unit

In the first post-operative intensive care nursing unit there were 6225(2593) males
(females). The NHPPD ranged from 5.75 to 16.36 with a mean (SD) of 11.12 (2.39)
and a median of 11.23. The mean (SD) of the percentage of Bachelor prepared
nurses is 92% (9%), the median being 94% and the minimum (maximum) being 55%
(100%). Diagnosis categories APR-DRG 162, APR-DRG 163, APR-DRG 165 and
APR-DRG 166 contained 500, 2348, 1692 and 4278 patients respectively. As for
Risk Of Mortality 2608, 3036, 1970 and 1204 patients were categorized as ROM 1
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(minor), ROM 2 (moderate), ROM 3(major) and ROM 4 (extreme) respectively. A
total of 185 patients died in the first-operative intensive care nursing unit.

First post-operative General nursing unit.

In the first-operative general nursing unit there were 6127(2506) males (females).
The NHPPD ranged from 1.25 to 13.02 with a mean (SD) of 3.13 (0.95) and a
median of 2.99. The mean (SD) of the percentage of Bachelor prepared nurses is
72% (15%), the median being 70% and the minimum (maximum) being 24% (100%).
Diagnosis categories APR-DRG 162, APR-DRG 163, APR-DRG 165 and APR-
DRG 166 contained 474, 2279, 1654 and 4226 patients respectively. As for Severity
Of Illness 368, 2684, 3979 and 1602 patients were categorized as SOI 1(minor),
SOI 2(moderate), SOI 3(major) and SOI 4 (extreme) respectively. The number of
patients who were readmitted to ICU/OT or died after staying in the first general
nursing unit is 429.

In Table 5.1, the percentage of readmissions to ICU/OT is classified by Sever-
ity Of Illness and nurse staffing levels is shown. Severity Of Illness is split into
two categories, that is, SOI 1 (minor) and compared to SOI 2 (moderate) to SOI 4
(extreme). Nurse staffing is also split into two categories, Low nurse staffing levels
and High nurse staffing levels. The cut-off point is the average nurse staffing levels,
that is, Low (High) nurse staffing levels are staffing levels which are smaller(larger)
than the average nurse staffing levels. Notice that low nurse staffing levels are as-
sociated with a high percentage of deaths compared to high nurse staffing levels.
Also the combined categories of SOI 2, 3 and 4 have a high percentage of deaths
compared to SOI 1. However the difference in percentage of deaths under SOI 1 is
more pronounced (difference=0.015) than under the other SOI categories combined
(difference=0.006).

Table 5.1: Percentage of readmissions by Severity Of Illness and nurse staffing
levels

SOI 1 SOI 2, 3and 4

Low nurse staffing levels 0.020 0.056

High nurse staffing levels 0.005 0.050

Note: SOI represents the Severity Of Illness.

5.3.2 Model Results

For analysis 1, a sensitivity analysis was done followed by a goodness-of-fit assess-
ment employing posterior predictive checks. There was not that much difference
between the logit (DIC=1124.0) and the complementary log log link (DIC=1125.7),
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however the probit link fared poorly (DIC=1132.7). Specifying the random effects as
coming from a normal distribution (DIC=1124.0) or a t-distribution with 4 degrees
of freedom (DIC=1123.1) did not lead to a great difference in DIC. The need for
random slopes was also assessed. We found that the random slopes add no value to
the model. For instance, the model with a random slope for age at both hospital and
nursing unit level had a DIC of 1122.4 compared to a value of 1124.0 for a model with
just random intercepts. As the difference in DIC is less than 2, the simplest model,
i.e. with just random intercepts is preferred. For the continuous risk adjusters, the
linearity assumption was assessed using splines. Like the random slopes, splines did
not add much value to the model hence not invalidating the linearity assumption
(Age: DIC=1122.7; Volume: DIC=1124.0). Therefore the final model for analysis 1
used a logit link and had only random intercepts. Using Posterior Predictive Checks
(Bayesian p-values), the model was considered as a good fit for the data at hand.

Sensitivity analyses were also done for analysis 2 followed by goodness-of-fit
assessment employing posterior predictive checks. The logit link was superior to both
the complementary log-log link(DIC=2830.8) and the probit link (DIC=2845.3).
Adding a random age slope into the model did not lead to any improvement in the
model but actually led to a greater DIC value of 2831.0 compared to a value of 2829.9
for a model with just random intercepts. There was no need to incorporate splines for
Volume (DIC=2829.6) and Age (DIC=2935.0) as there was no major improvement
in the DIC. Therefore the final model for analysis 2 is a random intercept logistic
model. From the considered posterior predictive checks the model appeared to fit
the data well.

Analysis 1.

Table 5.2 represent the results of the relationship between in-hospital mortality and
nurse staffing variables in the first-operative intensive care nursing unit. That is,
Table 5.2 show the posterior means and the 95% CIs, for the covariate effects in
the final model. The between-nursing units staffing variables were retained in the
model if their respective within-nursing units staffing variables 95% CIs did not
include zero. The interaction term between Volume and intensive care nurse staffing
levels appears to be important in predicting mortality, i.e., the relationship between
in-hospital mortality and intensive care nurse staffing levels changes with Volume.
Namely, for hospitals with a large Volume of cardiac procedures, there is a more
pronounced negative association between staffing levels and in-hospital mortality
(i.e. higher staffing levels, less mortality).

Analysis 2.

Table 5.3 represent the results of the relationship between readmission to ICU/OT
and/or in-hospital mortality on the one hand and nurse staffing variables on the other
hand, for patients who stayed past the first-operative intensive care nursing unit.
This table shows the posterior means and their associated 95% CIs, for the effects in
the final model. The 95% CIs for the log odds of the risk adjusters Male, Volume and
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Table 5.2: Analysis 1: Results of Bayesian analysis of the multilevel logistic
model of in-hospital mortality for patients in the first post-operative intensive
care nursing unit.

Effect Mean(SD) 95% CI

Intercept -7.423(0.647) (-8.826;-6.262)

Male -0.386(0.176) (-0.724;-0.039)

Age 0.215(0.108) ( 0.005; 0.428)

Volume -0.162(0.196) (-0.572; 0.214)

APR−DRG 162

APR−DRG 163 0.262(0.302) (-0.313; 0.863)

APR−DRG 165 -0.167(0.303) (-0.738; 0.429)

APR−DRG 166 -0.257(0.309) (-0.863; 0.362)

ROM 1 & 2

ROM 3 2.370(0.617) ( 1.241; 3.649)

ROM 4 5.754(0.565) ( 4.774; 7.004)

IC − intensity 0.339(0.228) (-0.066; 0.821)

Average IC − Staff -0.204(0.185) (-0.575; 0.159)

IC − Staff 0.319(0.210) (-0.089; 0.739)

IC − Staff*Volume -0.457(0.188) (-0.839;-0.095)

σ2b0 0.353(0.329) ( 0.001; 1.152)

σ2u0 0.343(0.264) ( 0.007; 0.970)

DIC 1124.000

Mean - posterior mean; SD - posterior standard deviation.

95% CI - equal-tail 95% credible interval.

σ2
b0 - variance components for the hospital random intercepts

σ2
u0 - variance components for the nursing unit random intercepts

DIC - Deviance Information Criteria.

APR-DRG - All patient Diagnostic Related Group; ROM Risk Of Mortality.

IC-intensity - Intensity of care in intensive care nursing unit.

IC-Staff - Intensive care nurse staffing levels.
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intensity of care for general nursing unit contains zero. However there appears to be
an association between readmission to ICU/OT and the other risk adjusters (95% CIs
do not contain zero). The between-nursing units staffing variables were retained in
the model if their respective within-nursing units staffing variables 95% CIs does not
contain zero. There is an interaction effect between within- nurse staffing levels and
Severity Of Illness. The negative association between nurse staffing and readmission
to ICU/OT decreased when a patient is classified into the moderate to extreme risk
category.

5.4 Discussion

In this study the relationship between nurse staffing levels and mortality and un-
planned readmission to ICU/OT was studied and therefore contributes to the current
body of knowledge in different ways.

First of all, using ”Readmission to ICU/OT” as a potential nurse sensitive indi-
cator in itself is innovative. After all, in most studies the relationship between nurse
staffing and in-hospital mortality is studied. Some studies include other single ad-
verse events (Needleman et al., 2002; Van den Heede et al., 2009b). Readmission to
ICU/OT, however, is a summary measure of patient safety. This composite measure
gives a broad view of patient safety issues instead of a narrow view emanating from
considering single adverse events. However the disadvantage of using readmission to
ICU/OT is that it is not specific on which adverse event has the greatest influence
on patient safety standards.

Secondly, this paper acknowledges that there is a possibility that factors affect-
ing patient safety changes as the patient moves across nursing units and also that
different proxies can be used to quantify patient safety at various stages during the
patients hospital stay.

The analyses in this paper resulted in new findings. It was found that nurse
staffing levels of post-operative general nursing units are related with the composite
’Readmission to ICU/OT’. This relationship was only found within the patient group
with a low severity of Illness. A potential explanation for this observation is the fact
that readmissions to ICU of severely ill patients are rather caused by their underlying
comorbidities (Elliott et al., 2006) than by organizational factors like, for example,
staffing levels. In addition, hospitals with a large yearly volume of cardiac procedures
have a more pronounced negative association between nurse staffing levels and in-
hospital mortality, a relationship that was masked in previous analyses (Diya et al.,
2010; Van den Heede et al., 2009a).

From a methodological point of view, the use of composite measures is ideal
when a lot of adverse events are considered. While the use of several univariate
multilevel models can account for the clustered nature of the data they neglect to
account for the dependencies between several adverse events and it is often hard to
make a simple statement about the nature of patient safety from these analyzes.
The use of composite measures as done in this paper also allows for the inclusion
unobserved yet important adverse events.
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Table 5.3: Analysis 3: Results of Bayesian analysis of the multilevel logistic
model of readmissions to ICU/OT for patients in the first post-operative
general nursing unit.

Effect Mean(SD) 95% CI

Intercept -5.365(0.742) (-6.967;-4.061)

Male 0.013(0.115) (-0.211; 0.241)

Age 0.129(0.059) ( 0.018; 0.249)

Volume 0.221(0.176) (-0.111; 0.587)

APR−DRG 162

APR−DRG 163 0.016(0.214) (-0.399; 0.444)

APR−DRG 165 0.241(0.216) (-0.177; 0.671)

APR−DRG 166 -0.188(0.220) (-0.613; 0.241)

SOI 1

SOI 2 0.432(0.729) (-0.845; 2.034)

SOI 3 1.836(0.706) ( 0.622; 3.389)

SOI 4 3.804(0.708) ( 2.577; 5.368)

G− Intensity 0.197(0.155) (-0.107; 0.499)

Average G− Staff 0.003(0.205) (-0.389; 0.428)

G− Staff -3.095(1.357) (-5.681;-0.369)

G− Staff*SOI 1

G− Staff*SOI 2, 3 & 4 2.955(1.386) ( 0.268, 5.551)

σ2b0 0.219(0.218) ( 0.001; 0.781)

σ2u0 0.597(0.345) ( 0.082; 1.440)

DIC 2829.900

Mean - posterior mean; SD - posterior standard deviation.

95% CI - equal-tail 95% credible interval.

σ2
b0 - variance components for the hospital random intercepts

σ2
u0 - variance components for the nursing unit random intercepts

DIC - Deviance Information Criteria.

APR-DRG - All patient Diagnostic Related Group; ROM Risk Of Mortality.

IC-intensity - Intensity of care in intensive care nursing unit.

IC-Staff - Intensive care nurse staffing levels.
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Furthermore, the use of two analyses allows for the effects of the covariates to be
different in the two periods. Unlike in previous research (Diya et al., 2010) where the
covariate effects are kept the same for the post-operative intensive care nursing units
and the post-operative general nursing unit periods, in this study all the covariate
effects are permitted to be different over the considered periods. That is, the nature
and effect of the risk associated with in-hospital mortality (in the first operative
intensive care nursing units) and the risk associated with readmission to ICU/OT
(in the first operative general nursing units and units beyond) are allowed to be
different.

Finally, the applied analyses refine the traditionally used analyses within this
field. In this paper splines have been used as a sensitivity analysis tool. Despite
their lack of importance, the authors nonetheless advise that the assessment for
non-linear relationships should be part of any model building step. Ideally, one
would consider splines for all continuous covariates and then gauge their necessity in
the model. The use of splines will also lead to flexible risk adjustment of models in
nursing research. This should not be limited to splines alone but also the modeling
of random effects (slopes) should follow the same approach.

5.5 Conclusion

There is a relationship between nurse staffing levels and in-hospital mortality and
between nurse staffing levels and a composite measure of unplanned readmissions
into ICU/OT and in-hospital mortality. Patient safety concerns can be identified
through different proxies of patient safety at various stages of the patients hospital
stay. Readmission into ICU/OT does not only capture the patient safety issues
identified by the recorded adverse events but also the adverse events which skips the
eye of the health authorities. This might to, some extent, eliminate coding biases
inherent in administrative data sets.

In policy formulations there is a need to consider the needs of different nursing
units differently. Taking a blanket proposal for all nursing units might not lead to any
improvement in the health care delivery system. That is, units which have optimal
staffing will not benefit from further staffing levels increments whereas those units
which greatly need improvements in staffing levels will have modest improvement in
patient safety.

Appendix: Multi-level logistic regression model

Consider a 3−level random coefficient model with only one covariate. Let yijk rep-
resent the response for the kth patient in the jth nursing unit of the ith hospital and
xijk the associated covariate. The 3−level random coefficient logistic model is given
by

logit(π(xijk)) = β0 + b0i + u0ij + β1xijk + b1ixijk + u1ijxijk,
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where bi = [b0i, b1i] ∼ MVN(0,Σb), uij = [u0ij , u1ij ] ∼ MVN(0,Σu) are in-

dependent and Σb =

[
σ2
b0 σb01

σb01 σ2
b1

]
, Σu =

[
σ2
u0 σu01

σu01 σ2
u1

]
. π(xijk) = Pr(yijk =

1|xijk, bi,uij) is the probability of in-hospital mortality or readmission and logit(π(xijk)) =

log
π(xijk)

1−π(xijk) . β0 and β1 are the fixed intercept and the effect of the covariate on the

log-odds scale, respectively. u0ij and b0i are the random nursing unit intercept and
the random hospital intercept, respectively. That is, these quantities represent the
proneness to die/readmission of patients in the jth nursing unit (of hospital i) and
the proneness to die/readmission of patients in the ith hospital, respectively. u1ij
and b1i are the random slopes, i.e. they indicate that the proneness of the patients
changes with the value of the covariate. Hence the random intercepts and slopes
reflect the residual variation between hospitals and the heterogeneity of the effect of
the covariate across hospitals, respectively.
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Abstract

We explore in this paper health outcomes and nurse staffing data that are multivari-
ate multilevel structured. These data can be used to relate latent constructs such as
patient safety to hospital, nursing unit, nurse and patient characteristics using factor
analytic models. It is important that the multilevel nature of the data is taken into
account otherwise it can lead to invalid inferences. However, it is useful to check a
priori if it is worthwhile to model the multilevel structure because a multilevel factor
analysis is (much) more computationally demanding. We propose the use of Multi-
variate Analysis of Variance discrepancy measures as Bayesian diagnostic techniques
for detecting hierarchical structures in multivariate data. A simulation study shows
the power of the discrepancy measures to detect the need for a multilevel factor
analysis. These checks were applied when fitting a multilevel factor analysis model
on the Belgian RN4CAST nurse survey data.

Keywords: multilevel, multivariate, factor analysis
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6.1 Introduction

Health outcomes and nurse staffing data are often collected to quantify latent con-
structs such as patient safety, quality of care and nurse work environment. Usually
univariate responses are used as proxies of these constructs, for instance a single ad-
verse event, say mortality, can be used to represent patient safety. However univari-
ate analyzes fall short in addressing the multi-dimensional facets of most health-care
measures (Diya et al., 2011). In order to account for the multi-dimensional facets
of these measures multivariate responses can be used. The relationship between
a multivariate response vector and covariates of interest can then be established
using a multivariate analysis. A special kind of multivariate analysis which is gain-
ing ground in the field of health outcomes and nursing research is factor analysis
(Bruyneel et al., 2009; Gajewski et al., 2010; Lake, 2002). Here we focus on patient
safety as the health-care measure of interest. Patient safety is defined as “the ab-
sence of the potential for, or occurrence of, health care associated injuries to patients
that occurs by avoiding medical errors as well as by taking actions to prevent errors
from causing injury” (AHRQ, 2004). However patient safety is a latent construct
and should be represented by a tangible measurement. Here we have taken nurse re-
ported adverse events as proxies of patient safety. Adverse events are injuries caused
by medical management rather than by the underlying disease conditions (Van den
Heede, 2008), for example, pressure ulcers, urinary tract infections and sepsis.

Factor Analysis (FA) is used to quantify the relationship between a multivariate
response vector and a latent construct (or its domains). In a FA model the multivari-
ate response vector is regressed on latent variables (and covariates). FA can be split
into two classes, namely Exploratory FA (EFA) and Confirmatory FA (CFA). EFA
is used when there is no a priori specified theory about the nature of the relation-
ship between the response vector and the latent construct domains (factor structure)
whereas CFA is used to validate an a priori specified theory about the factor struc-
ture. Examples of the use of FA can be found in nursing research (Lake, 2002),
bioinformatics (Hochreiter et al., 2006), psychology (Norris & Lecavalier, 2010) and
educational research (Naicker, 2010).

Here we concentrate on nurse survey data collected in Belgium under the auspices
of the European Nurse Forecasting (RN4CAST) project. Several adverse events are
recorded from nurses (nested within nursing units within hospitals). That is, not
only do we have multivariate responses but the data is also multilevel in structure.
Multivariate responses on adverse events from nurses in the same nursing unit are
dependent. This dependency is induced by nurses sharing the same work environ-
ment. Neglecting the multilevel data structure in the analysis can be problematic
since the fundamental independence assumption underlying many commonly used
statistical techniques, including FA techniques, is violated. When the degree of de-
pendency is substantial, violation of the independence assumption biases parameter
estimates (and standard errors) and affects the power of statistical tests (Bliese &
Hanges, 2004; Kenny & Judd, 1986). Using wrongly single level FA can lead to the
atomistic fallacy, which is incorrectly assuming that the relationship between vari-
ables observed at the observational level also holds at the cluster level. Aggregating
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the data at the cluster level do lead to independent observations but at the risk of
committing the ecological fallacy, which is incorrectly assuming that the relationship
between variables at the cluster level also holds at the observational level (Robinson,
1950). So to minimize the chances of these fallacies and attain valid inferences for
multilevel data, models which take the multilevel structure of the data into account
should be considered. Another consequence of neglecting the multilevel data struc-
ture in FA is that an invalid factor structure can be proposed and the interpretation
of the inferences in FA is level dependent.

It is useful to check that there is a multilevel structure in the data before em-
barking on the more complex multilevel FA modeling. Univariate techniques such as
the Intraclass Correlation Coefficient (ICC) or the F-discrepancy measure proposed
by Yan & Sedransky (2007), in a Bayesian context, can be used to quickly verify
the multilevel structure. The ICC is the ratio of the variation between the clusters
(level 2 units) and the total variation of the observed or latent (for categorial ob-
served response) response. ICC values range from 0 to 1 with larger values indicating
greater variability between clusters compared to within-cluster variability. As a rule
of thumb, when a response has an ICC > 0.10 then one can argue that there is
enough level 2 variability to warrant a multilevel analysis (Dyer et al., 2005; Gajew-
ski et al., 2010). The F-discrepancy measure proposed by Yan & Sedransky (2007)
uses Analysis Of Variance (ANOVA) concepts in a Bayesian context to diagnose the
need to account for a hierarchical structure. However, with a multivariate response
the F-discrepancy measure neglects the dependency between responses. We propose
here to extend this measure to the multivariate setting by making use of Multivariate
Analysis Of Variance (MANOVA) concepts.

One objective of this paper is to develop Bayesian diagnostic techniques for
detecting hierarchical structures in multivariate data sets. Through a simulation
study, we compared (1) the power of several MANOVA discrepancy measures in
detecting hierarchical structures and (2) the F-discrepancy measure to the MANOVA
discrepancy measures. Another objective of this paper is fitting a multilevel FA
model to establish the relationship between patient safety and nurse reported adverse
events from the Belgian nurse survey data. Though the focus of this paper is on FA
models, the above diagnostic techniques also apply to other multivariate models.

The remainder of this article is organized as follows. Section 6.2 describes the
RN4CAST nurse survey data set, with particular emphasis on the Belgian chapter.
A brief review of FA is presented in Section 6.3 and in Section 6.4 model checking
is presented. In Section 6.5 a simulation study is presented and in Section 6.6 the
application of the Bayesian diagnostic techniques on the Belgian nurse survey data
is presented. The paper ends with a discussion in Section 6.7.

6.2 The RN4CAST nurse survey data set

The RN4CAST project aims at introducing innovative forecasting methods by ad-
dressing not only volumes, but quality of staff and its effect on patient care as well.
The project involves researchers from 12 European countries, the United States,
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China, South Africa and Botswana. Data collection was only done in 12 European
countries, namely, Belgium, Finland, Germany, Greece, Ireland, Poland, Spain, Swe-
den, Switzerland, the Netherlands, The United Kingdom and Norway. Most of the
data were collected in 2009 and 2010.

In the RN4CAST project two multi-country surveys were conducted, namely
the nurse survey and patient satisfaction survey. Hospital discharge data were also
collected. The various data sets were targeted at investigating how nurse quali-
fications, demographics, workload, well-being and practice environment can affect
productivity, patient safety and patient outcomes.

This research focuses on the Belgian chapter of the RN4CAST nurse survey
(nurse survey) data. It contains information about the nature of the nurse’s job (e.g.,
nurse-physician relationship), quality and safety issues, the nurse’s most recent shift
and demographics. The nurse survey seeks to establish the perception of nurses with
regards to their work conditions and their relationship with either patients or other
health professionals. In particular the focus is on relating nurse reported adverse
events to the characteristics of the nurse, nursing unit and hospital.

The main question we looked at here is ”How often would you say each of the
following incidents occurs involving you or your patients?” For this question 6 inci-
dents were considered, that is: (1) Patient received wrong medication, time, or dose,
(2) Pressure ulcers after admission, (3) Patient falls with injury, (4) Urinary tract
infections, (5) Bloodstream infections and (6) Pneumonia. The main question (for
each incident type) has 7 potential answers measured on a Likert scale, that is, 0 -
Never, 1 - A few times a year or less, 2 - Once a month or less, 3 - A few times a
month, 4 - Once a week, 5 - A few times a week and 6- Every day. In this paper
new responses were generated by discretizing the Likert scaled variables because the
interpretation of results will be somewhat easier. A nurse was judged to have indi-
cated that his/her nursing unit had substantial number of events if he/she selected
the values greater than 2. This led to binary responses namely (1)wrong medica-
tion, time or dose (wrong), (2) pressure ulcers (pressure), (3) patient falls with injury
(falls), (4) urinary tract infections (uti), (5) bloodstream infections (infections) and
(6) pneumonia.

The data considered here are multilevel in structure. That is, nurses are nested
within nursing units which are in turn nested within hospitals. The data consist of
3151 nurses from 269 nursing units in 66 hospitals. 23(43) hospitals are (are not)
technologically advanced and 4(62) hospital are (are non-) university hospitals. Of
the 269 nursing units, 112 are surgical units, 125 are medical units and 32 are mixed
surgical and medical units. Of the nurses who responded to the nurse survey, 1333
worked in surgical units, 1471 worked in the medical units and 347 worked in mixed
surgical-medical units. 2167 of the nurses reported Flemish as their language of
communication while 984 reported French.

The covariates of interest in this paper are measured at the nurse level, nursing
unit level and hospital level. At the hospital level the covariates are the number
of beds (beds), whether the hospital is technologically advanced (tech=1;otherwise
tech=0) and whether the hospital is a university hospital (university=1;otherwise
university=0). At the nursing unit level the covariate of interest is the unit speci-
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fication (1- surgical, 2- medical and 3 - mixed). At the nurse level the considered
covariates are gender (male=1), age, time in years as a registered nurse (expn),
time in years at the current hospital (exph), language (language=1 if Flemish; 0
otherwise) and whether a nurse is satisfied with his/her career choice (satisfied).

In this paper we will focus on the nurse and the nursing unit level. The role
of hospitals is explored in a non-hierarchical way. The reason for this simplification
is that a 3-level FA model is computationally too demanding. Another reason is
that empirical evidence supported that the third level i.e., hospital, showed only low
variability, see also Section 6.6.3.

6.3 Factor analysis models

6.3.1 Single level factor analysis

We first consider a single level FA model for continuous responses. Let Yj =
(Yj1, . . . , Yjp) be a p-dimensional continuous response vector for the jth individ-
ual (j = 1, . . . , N), Fj = (Fj1, . . . , Fjk) be a k-dimensional (k ≤ p) vector of latent
constructs and Λ be a p × k matrix of factor loadings, then the single level factor
analysis model can be written as

Yj = µj + ΛFj + εj , (6.1)

where µj = (µj1, . . . , µjp) is the mean vector, the common factors are multivariate
normally distributed with mean 0 and covariance matrix Ψ (Fj ∼ Nk(0,Ψ)) and
the unique factors are multivariate normally distributed with mean 0 and covariance
matrix θ (εj ∼ Np(0,θ)). Note that µjs can be modeled as a function of covariates
(Xjβs). If no covariate information is available, then µjs can be the average of the
sth response (βs0), or can be set equal to 0 for centered responses. Factor loadings
(elements of Λ) are parameters which relate the unobserved factors to the observed
responses, i.e., the larger the value of a factor loading, the more the corresponding
response is said to “load” on the corresponding factor. Factor loadings are allowed
to vary across survey items but not across individuals. Assuming orthogonality of all
common and unique factors, the marginal covariance matrix is given by V ar(Yj) =
ΣU = ΛΨΛ′ + θ. That is, the observed covariances matrix can be decomposed into
a component attributable to the underlying factors and measurement error.

Two special cases of FA are (1) if Fj is known then the FA model can be viewed as
a multivariate regression model with the factor loadings playing the role of regression
coefficients; and (2) if the factor loadings are known then the FA model is equivalent
to a 2-level random slope model.

There are two modes of FA, namely EFA and CFA. EFA is used when there is no
a priori information about the factor structure, i.e., choosing the number of factors,
k, and establishing the variables related to a given factor domain. In that case all
factor loadings, Λ, are free parameters. In a frequentist context EFA can be done
by fitting several models with varying number of factors and using goodness-of-fit
indices to select the best model (see Section 6.4.2). In a Bayesian context, Lopes



6.3. FACTOR ANALYSIS MODELS 65

& West (2004) advocated the use of Reversible Jump Markov Chain Monte Carlo
(RJMCMC) approaches. The ultimate objective of EFA is to come up with the
“best” factor structure for a given data set. On the other hand, CFA is used to
validate a priori hypothesized factor structures. In the literature, the most common
CFA structure is the simple factor structure, i.e., the factor loadings are allowed to
load on one and only one latent construct and all the other factor loadings (cross
loadings) are 0.

The above FA model caters for continuous responses assumed to be multivariate
normally distributed. For categorical or binary responses, we could assume that they
are discretized versions of latent Gaussian variables. That is, consider the binary
response vector given by Yj , then Yjs = I(Y ∗js>0)where Y ∗js, s = 1, . . . , p, is a latent

Gaussian response. For reasons of identifiability, the variance of the error term (εjs)
for the sth response, θss, is set to 1 such that all the diagonal elements of θ are 1.
The matrix θ is called the polychoric or tetrachoric correlation matrix as it is the
correlation matrix of the underlying latent Gaussian responses.

Additional constraints are required for both categorical and continuous response
FA models to be identifiable. For instance, for the single level FA in equation 6.1

there are p(p+1)
2 unique elements in Σ but as many as pk+ k(k+1)

2 + p(p+1)
2 elements

in ΛΨΛ′ + θ, implying that there are more parameters to estimate than available
information. Common strategies to ensure identifiability include but are not limited
to

1. make k small relative to p, i.e., assume that there is a small number of factors
underlying the data structure which leads to a parsimonious model;

2. constrain off-diagonal elements of θ to be zero, i.e., assume that the measure-
ment errors for different responses are independent;

3. constrain Ψ to be an identity or diagonal matrix. When Ψ is assumed to be an
identity matrix this implies that the underlying factors have equal variances
that are set equal to 1 and are uncorrelated (orthogonal factors). Assuming
that Ψ is a diagonal matrix relaxes the equal variance assumption but the
orthogonality condition still holds;

4. constrain elements of Λ to zero, i.e., assume that some variables do not load
on, or correlate to, a particular factor. Another kind of constraint is to set
one element per column of Λ to 1 thus making the corresponding variable a
reference variable for that particular factor.

The choice of constraints can also depend on whether the type of FA model is ex-
ploratory or confirmatory. In this paper, we employed all the constraints mentioned
above. In particular, a simple factor structure is assumed for CFA, the factor vari-
ances are set to 1, the off-diagonal elements of the measurement error covariance
matrix are set equal to 0 and the factors are assumed to be orthogonal, i.e., in equa-
tion (6.1) Ψ = Ik (k-dimensional identity matrix), the off diagonal elements of θ are
equal to 0 and all cross loadings are equal to 0. Note that the constraints on the
cross loading can be relaxed if the model is not a good fit for the data at hand.
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FA models can be fitted using maximum likelihood estimation or (robust) weighted
least squares estimation, see Longford (1993). From equation (6.1), the total marginal
likelihood of the data is

L(β,Ψ,θ,Λ|Y) =

∫
(2π)

pN
2 |ΣU |−

N
2 exp

−1

2

N∑
j=1

(Yj − µ)′Σ−1U (Yj − µ)

 f(Fj)dFj ,

(6.2)

where µ = Xβ. For binary or categorical data the (latent) tetrachoric or polychoric
correlation matrix can be used. Computational strategies for obtaining Maximum
Likelihood Estimates (MLEs) are discussed in Mardia et al. (1979) and Lawley &
Maxwell (1971). Another estimation technique which can be used is Weighted Least
Squares.

An alternative approach to estimate the parameters of FA models is by using
the Bayesian approach. Estimation is done via sampling using Markov Chain Monte
Carlo (MCMC) techniques. In the Bayesian approach the likelihood is combined with
prior information to obtain the posterior distribution of the parameters of interest,
i.e.,

p(β,Ψ,θ,Λ|Y) ∝ L(β,Ψ,θ,Λ|Y)p(β,Ψ,θ,Λ), (6.3)

where p(β,Ψ,θ,Λ) is the prior distribution. For a FA on binary responses we used
in this paper the latent variable technique called the Data Augmentation approach
(Albert & Chib, 1993; Azevedo et al., 2011), where a latent Gaussian response vector
is assumed that is discretized to yield the binary responses. The complete marginal
data likelihood function for the binary or categorical single level FA model is given
by

L(β,Ψ,θ,Λ|Y) ∝
∫ ∫ N∏

j=1

p∏
s=1

φ(Y ∗js;µ
∗
js; 1)η(Y ∗js|Yjs)f(Fj)f(Y∗)dFjdY

∗,

(6.4)

where η(Y ∗js|Yjs) = I(Y ∗js>0)I(Yjs=1) + I(Y ∗js≤0)I(Yjs=0) is the conditional likelihood.

φ(Y ∗js;µ
∗
js; 1) represents the value of the normal probability density, with mean µ∗js

and SD = 1, at the point Y ∗js with µ∗js being the conditional mean, i.e., µ∗js = µjs +

λsFj , where λs is the sth row of Λ. Notice that the distribution of the multivariate
response vector can now be presented as a product of univariate distributions because
responses are conditional independent (conditional on the common factor).

The merits of the Bayesian approach is that it allows for a formal inclusion
of prior opinions thus allowing sensitivity analyzes on prior opinion to be carried
out. In addition, Bayesian computational methods often easily allow departures
from standard assumptions, such as the normality of the factor scores. Further,
in a Bayesian context, it is relatively easy to generalize FA models by allowing for
nonlinear factor effects and multiplicative factor schemes and in a CFA the cross
loadings can be given priors concentrated around zero instead of fixing them to zero.
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6.3.2 Multilevel factor analysis

When the data have a multilevel nature, multilevel FA approaches are needed. This
implies that the multivariate continuous response vector for an individual has at-
tributes emanating from the observational and the cluster levels. Consider a p-
dimensional continuous response vector for individual j in cluster i, denoted by Yij .
Assume that there are kW factors FWij at the individual level and kB factors FBi at
the cluster level, then the multilevel FA model is given by

Yij = µij + ΛWFWij + εWij + ΛBFBi + εBi , (6.5)

where µij is the mean vector. The vector of unique factors or measurement errors at
the observational level is multivariate normally distributed with mean 0 and variance
θW (εWij ∼ Np(0,θW )); the vector of unique factors or measurement errors at the

cluster level is multivariate normally distributed with mean 0 and variance θB (εBi ∼
Np(0,θB)); the vector of common factors at the observational level is multivariate
normally distributed with mean 0 and variance ΨW (FWij ∼ NKW (0,ΨW )); and the
vector of common factors at the cluster level is multivariate normally distributed
with mean 0 and variance ΨB (FBi ∼ NKB (0,ΨB)). Assuming orthogonality of all
common and unique factors, the marginal covariance matrix consists of a within- and
between- component, V ar(Yij) = ΣM = ΣW + ΣB . The within-covariance matrix
is given by ΣW = ΛWΨWΛ′W + θW and the between-covariance matrix is given by
ΣB = ΛBΨBΛ′B + θB . Notice that both the within- and between- covariances have
a component coming from the common factors (factor scores) and unique factors
(measurement errors or random effects).

6.4 Model checking

After the model is fitted it is necessary to monitor the quality of the statistical
model. This implies that we are interested in detecting if there exist any systematic
differences between the model and the observed data. In a frequentist context this
entails checking whether certain functions of the data, test statistics, follow the dis-
tribution implied by the model. In a Bayesian context, Posterior Predictive Checks
(PPCs) are used. PPCs are obtained by generating replicated data sets from the
posterior predictive distribution of the fitted model (Gelman et al., 2004). These
data sets are then compared to the observed data set with respect to the feature of
interest using discrepancy measures. We first discuss how to check for the multilevel
structure in Section 6.4.1, followed by model assessment (e.g., normality of the both
common and unique factors; and orthogonality of the common and unique factors)
in Section 6.4.2.

6.4.1 Detecting the multilevel structure

The ICC values can be used to informally assess whether there is substantial depen-
dency to warrant the use of multilevel models. On the other hand, Yan & Sedransky
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(2007) proposed a Bayesian approach for checking a multilevel structure in the data
by making use of a F-statistic inspired by classical ANOVA concepts. Supposed
there are m clusters and there are ni (i = 1, . . . ,m) observations in each cluster such
that the total number of observations is N =

∑m
i=1 ni. Let the univariate variable

Yij be the continuous response for individual j (j = 1, . . . , ni) in cluster i, then the
F-statistic is defined as follows

F (Y) =

∑m
i=1 ni(Ŷi − Ȳ )2/(m− 1)∑m

i=1

∑ni
j=1(Yij − Ȳi)2/(N −m)

, (6.6)

where Ŷi =
∑ni
j=1 Yij/ni and Ȳ =

∑m
i=1

∑ni
j=1 Yij/ni.

The Posterior Predictive P-value (PPP-value) is given by

pB = P (F (Ỹ) ≥ F (Y)|Y), (6.7)

where Ỹ are the posterior predicted responses from the assumed model and Y are
the observed responses. If a model correctly accounts for the data structure then the
PPP-value will result in a value close to 0.5. However, when the data have a hier-
archical structure which is neglected in the model the PPP-value (for a well chosen
diagnostic) will be extreme (towards zero or one). When the data are multivariate
this approach might have less power to diagnose hierarchical structures in multivari-
ate data sets because the correlations among the responses are not accounted for in
univariate discrepancy measures.

When there are two or more dependent responses rather a diagnostic based on
MANOVA concepts can be used. Let Yij be a p-dimensional response vector of
observation j (j = 1, . . . , ni) in cluster i (i = 1, . . . ,m). Then the total (corrected)
sum of squares and cross products, T =

∑m
i=1

∑ni
j=1(Yij − Ȳ)(Yij − Ȳ)′ can be

decomposed into a between- and within- sums of squares and cross product matrices.
That is,

T = B + W (6.8)

with

B =

m∑
i=1

ni(Ŷi − Ȳ)(Ŷi − Ȳ)′ (6.9)

and

W =

m∑
i=1

ni∑
j=1

(Yij − Ŷi)(Yij − Ŷi)
′

=

m∑
i=1

(ni − 1)Si, (6.10)

where Ŷi is the mean vector for the ith cluster, Ȳ is the mean vector and Si is the
sample covariance matrix for the ith cluster.
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To test for the independence assumption (no hierarchical structure) the relative
sizes of the between- and within- sums of squares and cross products are considered.
Equivalently, the relative sizes of the within- and total sum of squares and cross
products can be considered. In a frequentist context, the following test statistics are
considered

• Lawley-Hotelling trace: Λ∗LH = tr(BW−1)

• Pillai’s trace: Λ∗PT = tr(BT−1)

• Wilk’s lambda: Λ∗WL = |W|
|T|

Assuming multivariate normality of the responses, all test statistics are asymptot-
ically equivalent. When comparing two clusters all the test statistics reduces to a
statistic which follows a Hotelling’s T 2 sampling distribution. The Wilk’s lambda is
the most used MANOVA test statistic as it is related to the likelihood ratio criterion
and its exact sampling distribution can be derived for some special cases, e.g., see
Chapter 6 of Johnson & Wichern (2002).

In this paper we propose using these test statistics as discrepancy measures in a
Bayesian context. In particular, these discrepancy measures can be used to diagnose
omitted hierarchical structures in FA models. That is, two models are considered (a)
a single level FA model and (b) a multilevel FA model. Here the posterior predicted

responses, Ỹ should be replaced by Ỹ(Θ̃) in (6.7) since the posterior predicted re-

sponses are dependent on the posterior samples of the FA model parameters, Θ̃. The
PPP-values for the three multivariate discrepancies are computed in a similar fash-
ion as that of the F-statistic discrepancy, i.e., the proportion of times the predicted
discrepancy exceeds the observed discrepancy.

If only the data structure is misspecified and not other model assumptions then
our approach do indeed diagnose the hierarchical structure. In cases where other
model assumptions do not hold then the proposed discrepancy measures might in-
dicate a statistically important difference even when the between-cluster variability
is low. In such cases our approach acts as a global goodness-of-fit check. Note that
caution has to be exercised when using PPCs or PPP-values since the data is used
twice, that is, in fitting the model and in model checking hence leading to some
degree of bias (Bayarri & Castellanos, 2004).

6.4.2 Model assessment

After having checked the multilevel structure in the data, one can either select the
single level or multilevel FA depending on the evidence presented. The next step
entails model assessment, for instance checking the normality assumption of both
the common and unique factors, validating the orthogonality assumption, etc. In
this paper we shall adhere to global model checks using PPCs in a Bayesian context
and variants of the χ2 likelihood ratio statistic in the frequentist context.

Recall that the general goal of a FA model is to test the hypothesis that the
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observed covariance matrix is equal to the model-based covariance matrix i.e.,

S = Σ(Θ), (6.11)

where S represents the covariance matrix of the observed response vector (latent
continuous response vector for categorical data) and Σ(Θ) represents the model-
based covariance matrix.

In a frequentist context, a multitude of goodness-of-fit indices have been pro-
posed. In this paper we will look at three indices which are functions of the χ2

likelihood ratio statistic, i.e., χ2 likelihood ratio statistic, the Comparative Fit
Index (CFI) (Bentler, 1990) and the Tucker-Lewis Index (TLI) (Tucker & Lewis,
1973) and two indices which are based on how well a given model approximates the
true model i.e., Root Mean Square Of Approximation (RMSEA) (Browne & Cud-
eck, 1992; Steiger & Lind, 1980) and the Standardized Root Mean Square Residual
(SRMSR). These indices check whether the model-based covariance matrix is close
to the covariance matrix of the observed response vector. If the model fits the data
well then (a) the χ2 likelihood ratio statistic should be small, (b) both the CFI and
TLI should have a value 1 and (c) the RMSEA and SRMSR should be close to 0.
As a rule of thumb, a model with CFI and TLI values of at least 0.90 is deemed
acceptable and values of at least 0.95 indicate a good fit. Alternatively, one could use
RMSEA and SRMSR for which values less than 0.08 indicate an acceptable model fit
and values less than 0.05 are indicative of a good fit (Hu & Bentler, 1999). Multiple
fit indices are used because each fit index has its own limitations and there is no
agreed-on method for evaluating whether the lack of fit of a model is substantively
important. These indices are used for both single and multilevel FA models.

In a Bayesian context, model assessment can focus on the likelihood and the
priors. PPCs are used to check how well the model fits the data, however the
discrepancy measures are now different from those used in diagnosing the neglected
hierarchical structure. From these PPCs, PPP-values can be computed. In this
article the χ2 discrepancy measure (Gelman et al., 1996) was used. The Deviance
Information Criteria (DIC) (Spiegelhalter et al., 2002) can be used to compare models
based on different likelihood and prior specifications. The model having the smallest
DIC value is then a good candidate, see Spiegelhalter et al. (2002).

6.5 A simulation study

A simulation study was performed to study the power of ANOVA and MANOVA
discrepancy measures in detecting an omitted hierarchical structure in a CFA model.
In particular, the performance of ANOVA discrepancy measures (F-statistics) com-
pared to MANOVA discrepancy measures is assessed. The simulation is restricted
to the Bayesian context.
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6.5.1 Study set-up

Let Yij be a 3-dimensional response variable of the jth subject in the ith cluster
then the responses are generated as follows

Yij = β0 + ΛWF
W
ij + εWij + ΛBF

B
i + εBi , (6.12)

where β′0 = (−1.0,−1.2,−1.5) are fixed intercepts; Λ′W = (0.60, 0.80, 0.95) are the
observational level factor loadings; and Λ′B = (0.50, 0.70, 0.90) are the cluster level
factor loadings. Both the observational level and cluster level common factors are
normally distributed with mean 0 and unit variance, i.e., FWij ∼ N(0, 1) and FBi ∼
N(0, 1). The observational level unique factors are multivariate normally distributed
with mean 0′ = (0, 0, 0) and variance θW = diag(1.0, 1.0, 1.0) i.e., εWij ∼ N3(0,θW )
and the cluster level unique factors are multivariate normally distributed with mean
0′ = (0, 0, 0) and variance θB = diag(0.2, 0.3, 0.4) i.e., εBi ∼ N3(0,θB). The param-
eters were chosen such that there is moderate between-cluster variability for all the
responses.

Binary versions of the continuous responses were generated by checking if the
response variable was greater than 0, i.e., Yij is a 3-dimensional binary response
vector of the jth subject in the ith cluster, generated by Yijs = I(Y ∗ijs>0), for s =

1, 2 and 3.

For both the continuous and binary versions of the response variables, nine
simulation scenarios were considered. These simulation scenarios emanate from a
combination of the number of clusters and the cluster sizes. The three number
of clusters(m) considered were (10,30,50) representing small, moderate and a large
number of clusters, respectively. Similarly, three cluster sizes(n) were considered.
Finally, for each simulation scenario 100 data sets were simulated.

6.5.2 Fitted models

For each simulated data set, two CFA models were fitted, namely a single level
CFA model (assuming independence of observations across clusters) and a multilevel
CFA model. For both models ANOVA (F) and MANOVA (Λ∗LH ,Λ

∗
PT and Λ∗WL)

discrepancies were calculated.

The models were fitted using Markov Chain Monte Carlo techniques. The latent
variable approach was used when fitting the models for binary responses. The data
were generated using R (R Development Core Team, 2011) and the models were
run in JAGS (Plummer, 2003). JAGS was evoked from within R via the R package
R2jags (Su & Yajima, 2011) and this package reads the JAGS output back into R
for post-processing.

6.5.3 Simulation results

Table 6.1 shows the average PPP-values and the proportions of simulations were the
diagnostic check detected the omitted hierarchical structure when the data set con-
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tains 10 clusters representing a small number of clusters. For all the simulation sce-
narios presented in this table, the univariate discrepancy measures appear less likely
to detect the omitted hierarchical structure when a single level FA model is used.
The averages of the PPP-values from the MANOVA discrepancies, generated using
the single level FA model were more extreme than the univariate F-discrepancies and
their standard deviation were also smaller compared to the univariate discrepancies..
Taking values less than 0.1 (for Λ∗WL values greater than 0.9) to be extreme we notice
that the proportion of simulations detecting the omitted hierarchical structure for
the MANOVA discrepancies were greater than for the ANOVA discrepancies. The
average PPP-values for the continuous responses case were more extreme and their
standard deviation were smaller than for the binary responses. In single level FA
models, the ability to detect omitted hierarchical structures increased with cluster
size as shown by the increase in proportion of extreme PPP-values. When the hier-
archical structure of the data is taken into account by using a multilevel FA model
both the ANOVA and the MANOVA discrepancies had average PPP-values close to
0.5 as expected.

Table 6.2 shows the average PPP-values and the proportions of simulations were
the diagnostic check detected a hierarchical structure when the data set contains 30
clusters representing a moderate number of clusters. The results in this table follow
the same pattern as in Table 6.1, but the results are more extreme now. Again the
discrepancy measures for continuous outcomes have a greater power to detect the
omitted hierarchical structure than for binary outcomes.

Table 6.3 shows the average PPP-values and the proportions of simulations were
the diagnostic check detected a hierarchical structure when the data set contains 50
clusters representing a large number of clusters. The same conclusion can be drawn
as for the previous two scenarios, but again the results are more extreme.

Note that for all the tables presented in this section, when the correct model is
specified (multilevel FA model), the proportion of simulations with extreme PPP-
values is 0 (see Figure A-1 in Appendix B). This is a consequence of the non-uniform
distribution of the PPP-values (Hjort et al., 2006; Steinbakk & Storvik, 2009). This
phenomenon, coupled with the fact that data is used twice, to fit and check the
model, leads to a reduction in power. In practice one should not be too critical on
the PPP-values, that is why in literature the extreme PPP-values less than (greater
than) 0.1 (0.9) are judged to be extreme.
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6.6 Application to RN4CAST data

In this section we implement FA and the proposed MANOVA discrepancy measures
on the Belgian chapter of the RN4CAST nurse survey. Here we want to establish the
relationship between the latent construct patient safety and nurse reported adverse
events controlling for nurse, nursing unit and hospital characteristics. That is, nurses
are seen as informants of not only their own patient safety record but informants of
patient safety in their nursing unit.

Since there is no a priori specified factor structure proposed for the adverse
events in this paper and patient safety, there is a need to explore the factor struc-
ture. So to avoid double usage of the data, the data was equally divided into the
learning and validation data sets using simple random sampling (within a cluster).
The factor structure was explored using the learning data set and the validation
data set was used in confirming the factor structure. The ANOVA and MANOVA
discrepancy measures were computed using the validation data set to verify the need
for a multilevel structure.

EFA was implemented using a frequentist approach by making use of MPLUS.
Unfortunately, the Bayesian module of MPLUS is not flexible enough to allow for the
computations of the discrepancy measures proposed in this paper, so CFA models
were fitted in JAGS using R2jags.

6.6.1 Descriptive statistics

The descriptive statistics in this section pertain to the entire (learning+validation)
Belgian nurse survey data. The learning and validation data sets had similar char-
acteristics (as they are random samples from the entire data set).

Table 6.4 shows the percentage of nurse reported adverse events, the number of
missing responses and the ICC. From this table, there are a few missing values for
all the responses. The most common nurse reported adverse event is urinary tract
infection, followed by wrong medication/time/dose and the least reported is patient
fall accidents. The ICC values are all greater than 0.1 indicating the possible need
of a multilevel FA model.

The Spearman correlation coefficient matrix of the percentages in a nursing unit
of nurse reported adverse events show that there are moderate to high correlations be-
tween the adverse events. The largest correlation is between blood stream infections
and pneumonia and the smallest correlation is between wrong medication/time/does
and pneumonia.



AE wrong m/t/d p.ulcers pat.falls uti b.s.ifect pneum

wrong m/t/d 1.000 0.390 0.301 0.321 0.268 0.209
p.ulcers 0.390 1.000 0.321 0.406 0.274 0.260
pat.falls 0.301 0.321 1.000 0.305 0.345 0.378
uti 0.321 0.406 0.305 1.000 0.475 0.408
b.s.ifect 0.268 0.274 0.345 0.475 1.000 0.633
pneum 0.209 0.260 0.378 0.408 0.633 1.000
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Table 6.4: Belgian RN4CAST data: Percentage of nurse reported adverse
events and ICC

Type of AE % AE∗ Number of missing ICC

wrong 20.55 70 0.11

pressure 11.60 98 0.13

falls 9.08 89 0.19

uti 21.54 110 0.21

infection 9.66 160 0.18

pneumonia 11.40 151 0.27

∗ - calculated for the non-missing responses.

University hospitals are more likely to get frail patients compared to the non-
university hospitals. Thus this might lead to higher incidence of nurse reported
adverse events. University hospitals had higher numbers of nurse reported adverse
events than non-university hospitals except for wrong medication/dose/time and
patient fall accidents.

6.6.2 Single level factor analysis results

A single level EFA was implemented on the learning data set using a frequentist
approach. Since we are assuming latent Gaussian responses and the responses are
binary a probit link was assumed and parameter estimates were obtained using the
maximum likelihood approach. Here we focus on exploring the factor structure, i.e.,
the number of factors and the outcomes on which the chosen factors load. It is
customary in EFA that one starts by aiming for a simple factor structure and upon
doing a CFA modify the structure accordingly. Figure 6.1(a) shows a scree plot of
the single level EFA. The scree plot indicates that two factors may be adequate to
account for much of the variability in the 6 responses. The two factor solution is
further supported by the results shown in Table 6.5 which give measures of fit for
various factor structures. The measures of fit are all within acceptable limits, see
Section 6.4.2. Models with more than 3 factors are not identifiable as the number of
parameters to estimate exceed the available information. We also looked at the factor
loadings to assess their classical statistical significance. Basing on these results and
on Figure 6.1(a) and Table 6.5 we concluded that a two factor solution is a reasonably
good factor structure for the Belgian nurse survey data.

Taking the proposed structure, a single level CFA was fitted to the validation
data set using the Data Augmentation approach (Albert & Chib, 1993; Azevedo
et al., 2011). The Bayesian approach was preferred here over the frequentist approach
as it allows greater flexibility. For instance the common factors can be assumed to
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(a) Single level EFA scree plot
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(b) Multilevel EFA scree plot

Figure 6.1: Belgian RN4CAST data: Scree plots for the single level and
multilevel factor analysis.

Table 6.5: Belgian RN4CAST data: Measures of fit for single level ex-
ploratory factor analysis

Number of factors χ2 p-value CFI TLI RMSEA SRMR

1 < 0.01 0.977 0.961 0.068(0.054;0.083) 0.078

2 0.09 0.999 0.994 0.026(0.000;0.052) 0.022

3 < 0.01 1.000 1.000 0.000(0.000;0.000) 0.001
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Table 6.6: Belgian RN4CAST data: PPP-values for discrepancy measures to
diagnose hierarchical structures

Discrepancy PPP-value

Λ∗
LH 0.03

Λ∗
PT 0.03

Λ∗
WL 0.97

F1 0.14

F2 0.58

F3 0.12

F4 0.12

F5 0.66

F6 0.29

be t-distributed, cross loadings can be given priors concentrated around 0 and the
latent continuous responses can be assumed to be skewed. From this point onwards,
all CFA models are fitted using the Bayesian approach. The missing response values
(see Table 6.4) were imputed from the posterior predictive distribution of the data.

Three chains were considered, each with 100,000 MCMC iterations (burn-in of
50,000 iterations). A thinning of 1 in 10 iterations was implemented. This led to
summary measures based on 15,000 sampled values. The proposed FA structure
resulted in a good fit to the data (χ2 discrepancy measure PPP-value= 0.497). That
is, wrong medication/time/dose, pressure ulcers and patient fall accidents load on the
first factor whereas urinary tract infections, bloodstream infections and pneumonia
loads on the second factor.

We went on to assess whether we can neglect the hierarchical structure. Table 6.6
shows the PPP-values for the MANOVA and ANOVA discrepancy measures. It is
clear that when univariate discrepancy measures are used, all of the PPP-values
have values above 0.1 or less than 0.9. That is none of these values are in the region
of extreme values, however three of the values are slightly above 0.1. Thus if one
were to use univariate discrepancy measures and the χ2 discrepancy measure, then a
single level CFA model might be considered as the final model. On the other hand,
all MANOVA discrepancies indicate that there is an omitted hierarchy in the data
set and hence there is evidence in support of a multilevel FA models. The failure
of the χ2 discrepancy measure to detect an omitted hierarchical structure might be
due to the using the data twice.
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Factor 1 Factor 2

Wrong P. Ulcers B.S. Infect PneumPat. Falls UTI
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Figure 6.2: Belgian RN4CAST data: Multilevel factor structure.

6.6.3 Multilevel factor analysis results

Classical univariate multilevel probit regression models were used to establish the
relationship between the adverse events and the covariates. This was used as a tool
to select the covariates to include in the mean structure of the multilevel FA model.
A covariate was selected for inclusion in the FA model if it was significant at the 5%
level for at least two adverse events. From this exercise the following variables were
considered, (1) age, (2) gender, (3) satisfied, (4) unit type (medical, mixed, with
surgical being the default), (5) university hospital and (6) beds. For computational
reasons the continuous covariates were centered and standardized (SD=1).

Using MPLUS a frequentist multilevel EFA was fitted to the learning data set.
Here, the observational level consist of nurses who are nested in the nursing unit
(cluster level). Figure 6.1(b) shows the scree plot for the Multilevel factor analysis.
The scree plot indicates that at least two factors are needed at each level, possibly
a third factor might be needed at the nursing unit level.

The two factor solution was further supported by the measures of fit for the two
factor solution at both levels. The χ2 goodness-of-fit p-value was 0.5887, RMSEA
(and the 95% CI) is given by 0.000(0.000;0.026), both the CFI and TFI have a value
of 1 and the within- and between SRMR are 0.018 and 0.057 respectively. Hence
all the goodness-of-fit indices were within acceptable limits. These goodness-of-fit
statistics were better than for any other factor solution. All the MANOVA and
ANOVA discrepancy measures for checking whether there is substantial variability
at the hospital level resulted in PPP-values close to 0.5. The within- factor struc-
ture remains the same as that suggested by the single level EFA but the the factor
indicators wrong medication/time and pressure ulcers now load on the first between-
nursing unit factor whereas the remainder of the factor indicators load on the second
between-nursing unit factor, as shown in Figure 6.2.

Using the Data Augmentation approach, a multilevel CFA was fitted adjusting
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for patient, nursing unit and hospital characteristics. The factor loadings were con-
strained to be positive and were given informative priors. We considered 3 three
chains, each having 100,000 MCMC iterations (burn-in of 50,000 iterations). We
thinned the chains by selecting 1 in 10 iteration. Hence, values in Table 6.7 are
based on 15,000 sampled values. Table 6.7 shows the posterior means (SD) and the
95% credible intervals for the factor loadings and the variance components of the
second level unique factors (random effects).

The results of the patient, nursing unit and hospital characteristics (fixed effects)
are presented in Table B-1 (see Appendix B). Older nurses reported less adverse
events than younger nurses, except for wrong medication/time/dose. Male nurses
reported more incidences of wrong medication/time/dose than their female coun-
terparts. Nurses who are satisfied by their career choice reported less patient fall
accidents and incidences of wrong medication/time/dose. Flemish speaking nurse
reported more incidences of urinary tract infections, blood stream infections and
pneumonia than French speaking nurses. There was no statistically important dif-
ference between the reported adverse events in the surgical, medical and mixed units.

The factor loadings presented here are standardized factor loadings which can be
interpreted as the correlation between the factor domain and the factor indicators
(responses), i.e., the factor loadings when the total variability (per response) is fixed
to 1. All the posterior means of the first level factor loadings are greater than 0.4
implying that there is moderate to high correlation between the factor domains and
the factor indicators. The nursing unit level factor loadings are between 0.18 to
0.44. Though these factor loadings are low to moderate they are still statistically
important. The χ2 goodness-of-fit Bayesian p-value was 0.35, suggesting that there
is no major discrepancy between the data and the model. The model DIC is 9,068.70.

A sensitivity analysis was done by (a) altering the common factor distribution
to have a student t distribution with 4 degrees of freedom, (b) altering the common
factor distribution to have a t distribution with unspecified degrees of freedom, and
(c) assuming a skew-normal distribution for the latent continuous responses (Azevedo
et al., 2011). The three models resulting from these alterations had larger DIC values
than the initial multilevel FA model, i.e., the DIC values are 10,075.30, 13,806.31
and 19,754.99 respectively.

The within-factor structure is the same as that attained under the single level
FA. The nurse reported adverse events wrong medication/time/dose, pressure ulcers
and patient fall accidents loads on one factor whilst the remaining nurse reported
adverse events load on another factor. This implies that nurse who report that they
encountered many incidences of wrong medication/time/dose are also more likely
to report high numbers of pressure ulcers and patient fall accidents (adhering to
protocol and safety guidelines) whereas nurse who report that they encountered many
incidences of urinary tract infections are also more likely to report many incidences of
blood stream infections and pneumonia (“hygiene” or “hand hygiene”). These three
adverse events can also be considered as indicators of adherence to safety guidelines,
for instance, safe handling of perfusion lines (which if not done properly can be a
source of infection). However, these three adverse events are not as directly related
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Table 6.7: Belgian RN4CAST data: Results of the multilevel FA model

Parameter Posterior Mean(SD) 95% CI

λ1,1 0.407(0.053) (0.300;0.508)

λ1,2 0.947(0.025) (0.889;0.986)

λ1,3 0.557(0.054) (0.449;0.659)

λ1,4 0.828(0.035) (0.756;0.892)

λ1,5 0.853(0.037) (0.777;0.921)

λ1,6 0.804(0.040) (0.722;0.876)

λ2,1 0.182(0.098) (0.014;0.375)

λ2,2 0.224(0.100) (0.023;0.403)

λ2,3 0.405(0.102) (0.183;0.574)

λ2,4 0.226(0.072) (0.082;0.363)

λ2,5 0.323(0.067) (0.190;0.450)

λ2,6 0.381(0.090) (0.201;0.546)

σ21 0.117(0.063) (0.015;0.256)

σ22 1.117(2.035) (0.012;8.066)

σ23 0.226(0.191) (0.008;0.715)

σ24 1.652(1.059) (0.453;4.531)

σ25 0.199(0.226) (0.008;0.824)

σ26 0.919(0.724) (0.045;2.786)

χ2 0.349(0.477) (0.000;1.000)

Deviance 3357.866(106.872) (3156.339; 3573.932)

DIC 9068.698

λi,j - the standardized factor loading for level i and variable j.

σ2
j - variance component for variable j.

j: (1) wrong m/t/d; (2) p.ulcers;(3) pat.falls;(4) uti;(5) b.s. infect; and (6) pneumonia.
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to the nursing care process as the adverse events which load on the first factor. We
should note that nurse are informants of not only their own experience but that
of the nursing unit at large. The between- factor structure is reflective of what
happens at the nursing unit level. Wrong medication/time/dose and pressure ulcers
loads on the first nursing unit factor, and the remainder of the adverse events load
on the second nursing unit factor. Clearly the first factor is an indicator of whether
the nursing unit administers medication correctly, in time and is attentive to the
physical need of immobile patients. The second factor is a mixture of whether the
right equipment is accorded to the patient and the general hygiene condition of the
nursing unit.

6.7 Discussion

It is always important for researchers to assess whether there is substantial between-
cluster variability to warrant a multilevel analysis when the data are multivariate.
This is because there is a need for parsimony, not only in the covariates included in
these models but also in the level of analysis. In FA the level of analysis has a bearing
on the interpretation of the factor structure and the inferences coming from such a
structure. It is crucial that the factor structure is correctly specified when diagnosing
the hierarchical structure as misspecification of the factor structure mean that the
proposed discrepancy measure will then become sensitive not only to the hierarchical
structure but also to the misspecified factor structure. A potential solution is to do
a sensitivity analysis on the factor structure, i.e., increase the number of factors or
remove the restriction that cross loadings should be 0. In this paper we have only
considered checking an omitted hierarchy. A potential area for further research is
the development of diagnostic measures to check omitted non-hierarchical multilevel
structures, for instance in multiple membership and cross classified models.

FA models are becoming popular in many fields, especially in health outcomes
and nursing research where they are used to inform policy decisions. Usually single
level FA models are used to relate the latent constructs to the responses of interest,
e.g., adverse events. Most data in this area of research are multilevel in structure
hence neglecting the data structure in the statistical analysis can lead to invalid
inferences which might lead to wrong policy recommendations. Before one can put
confidence in these single level FA model results there should be an assessment of
whether there is no substantial hierarchical structure thus invalidating the indepen-
dence assumption. In such situations, the MANOVA discrepancy measures become
handy as there have more power than the ANOVA discrepancy measures to diag-
nose the hierarchical structures in multivariate data sets. The MANOVA discrepancy
measures presented in this paper are not limited to FA models only but can be used
when other types multivariate models are under consideration.

The PPP-values from the χ2 discrepancy measures for both the single level and
multilevel FA suggested that the two models were good fits for the data at hand. It
is clear that this discrepancy measure failed to capture the misspecification of the
data structure. Relying on global goodness-of-fit measures without looking a specific
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aspects of the model can lead to the wrong inference with regards to the compatibility
of the model to the data. Thus, various measures should be considered. PPCs use the
data twice, that is, in fitting the model and in checking model adequacy hence leading
to bias. To eliminate this bias cross validation PPCs (Marshall & Spiegelhalter, 2003)
can be used, however they are computationally intense. When a model is correctly
specified, the PPP-values should have a uniform distribution. This characteristic
of the PPP-values has been discussed elsewhere (Hjort et al., 2006; Steinbakk &
Storvik, 2009). Hjort et al. (2006) proposed recalibrating the PPCs resulting in
recalibrated PPP-values which do have a uniform distribution under the correct
model specification. However, the PPP-values in this paper are not recalibrated
as computing the recalibrated PPP-values is too computer intensive requiring a
double simulation approach. A potential approach which is less computationally
demanding is to compute the calibrated PPP-values using Integrated Nested Laplace
Approximations (INLA) (Rue et al., 2009). This is an area which the authors are
currently exploring.

The factor structure for the single level FA and the nurse level of the multilevel
FA is in line with expectations. Indeed, medication errors, pressure ulcers and patient
fall accidents form a logical group of adverse events. Belgian hospitals traditionally
focus on these three adverse events when setting up actions to improve patient safety
in which nurses are involved. After all, actions to prevent these adverse events are
closely related to the nursing process (e.g., turning patients to prevent pressure
ulcers; most medication is administered by nurses; and patient fall accidents can
be prevented if patients are monitored and wear the correct type of shoes, etc.).
Urinary tract infections, blood stream infections and pneumonia are all infections
that are potentially related to nursing care (e.g., uti can be prevented by patients
not having indwelling catheters longer than needed). These can also be explained by
the severity of illness of the patients as well as by medical interventions (e.g. sterile
insertion central venous catheter). At the nursing unit level the variable patient fall
accidents is now grouped together with the infections. The first two adverse events
clearly reflect the nursing process at the nursing unit level. The second nursing unit
factor consist of patient fall accidents and infections. This factor might be indicative
of collective efforts taken at the nursing unit to prevent injury (falls and infections)
to patients. That is, making sure that the environment that a patient is exposed
to is free from conditions which might increase the risk of infections or patient
fall accidents (e.g., clearing spillages from the floor or dropped food staffs, clearing
medical equipment from nursing units, picking up dropped linen, etc). However, the
authors would advocate for further research to comprehend the grouping of factor
indicators at the nursing unit level and also to explore whether this structure is
unique to Belgium or whether it can be established in other European countries.

In this paper both Bayesian and frequentist approaches were used. The EFA
employed the frequentist approach as the reversible jump MCMC (Bayesian) (Lopes
& West, 2004) approach is computationally intensive and has not been developed to
cater for multilevel EFA. From a practical point of view the EFA is easy to imple-
ment in a frequentist context compared to the Bayesian context. Even researchers
with limited methodological comprehension can implement EFA in a frequentist
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context. The Bayesian approach was adopted in fitting CFA models because it of-
fers flexibility. It is fairly easy to deviate from common assumptions when using
Bayesian approaches compared to frequentist approaches. For instance, in this pa-
per we checked whether the factor scores are t distributed or the latent responses
are skewed. This is not possible under the current regime of software which employ
the frequentist approach. However, the down side of using the Bayesian approach is
that it is computationally too demanding hence taking a lot of time to obtain results.
The authors would recommended using Integrated Nested Laplace Approximations
as an approximation of the MCMC methods. This will drastically reduce the time
need and at the same time having the flexibility of the Bayesian approach.
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Appendices

Appendix A: Simulation study: Histograms of Multilevel FA
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Figure A-1: Histograms of PPP-values when the model is correctly assumed
to be hierarchical.

Appendix B: MFA posterior summaries for fixed effects
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Table B-1: Belgian RN4CAST data: Fixed effects results of the multilevel
FA model

Parameter Posterior Mean(SD) 95% CI

β1,1 -0.715(0.156) (-1.022;-0.411)

β2,1 -6.079(1.494) (-8.991;-3.149)

β3,1 -2.363(0.325) (-3.065;-1.776)

β4,1 -2.647(0.790) (-4.528;-1.420)

β5,1 -4.793(0.961) (-6.856;-3.246)

β6,1 -5.636(1.221) (-8.192;-3.752)

β1,2 -0.023(0.043) (-0.110; 0.062)

β2,2 -1.544(0.413) (-2.427;-0.819)

β3,2 -0.101(0.069) (-0.240; 0.033)

β4,2 -0.502(0.168) (-0.898;-0.237)

β5,2 -0.244(0.131) (-0.536;-0.004)

β6,2 -0.512(0.174) (-0.908;-0.220)

β1,3 0.477(0.138) ( 0.209; 0.751)

β2,3 0.679(1.010) (-1.316; 2.679)

β3,3 0.312(0.224) (-0.127; 0.755)

β4,3 0.272(0.400) (-0.496; 1.077)

β5,3 0.740(0.407) (-0.022; 1.610)

β6,3 0.538(0.442) (-0.278; 1.477)

β1,4 -0.304(0.127) (-0.552;-0.053)

β2,4 -1.489(0.872) (-3.389; 0.109)

β3,4 -0.571(0.193) (-0.963;-0.196)

β4,4 -0.357(0.365) (-1.145; 0.322)

β5,4 -0.346(0.371) (-1.101; 0.345)

β6,4 -0.518(0.394) (-1.377; 0.211)

β1,5 -0.203(0.113) (-0.427; 0.014)

β2,5 -1.157(0.784) (-2.683; 0.311)

β3,5 0.330(0.209) (-0.067; 0.756)

β4,5 0.831(0.391) ( 0.168; 1.732)

β5,5 1.323(0.432) ( 0.565; 2.259)

β6,5 1.619(0.519) ( 0.756; 2.744)

β1,6 0.165(0.107) (-0.047; 0.378)

β2,6 -0.691(0.739) (-2.232; 0.735)

β3,6 0.784(0.201) ( 0.409; 1.197)

β4,6 -0.688(0.349) (-1.456;-0.081)

β5,6 0.530(0.299) (-0.032; 1.157)

β6,6 1.453(0.465) ( 0.675; 2.521)

β1,7 0.138(0.170) (-0.197; 0.469)

β2,7 -2.186(1.217) (-4.698; 0.049)

β3,7 0.357(0.320) (-0.271; 0.997)

β4,7 -0.692(0.540) (-1.836; 0.310)

β5,7 0.277(0.501) (-0.714; 1.289)

β6,7 -0.378(0.699) (-1.819; 0.937)

β1,8 -0.391(0.246) (-0.878; 0.096)

β2,8 0.833(1.526) (-1.962; 3.929)

β3,8 0.064(0.434) (-0.781; 0.929)

β4,8 0.359(0.761) (-1.070; 1.980)

β5,8 0.996(0.748) (-0.326; 2.669)

β6,8 0.936(0.904) (-0.787; 2.794)

β1,9 0.083(0.063) (-0.043; 0.207)

β2,9 -0.131(0.412) (-0.960; 0.660)

β3,9 -0.023(0.115) (-0.257; 0.202)

β4,9 0.175(0.196) (-0.206; 0.580)

β5,9 0.144(0.190) (-0.235; 0.516)

β6,9 0.037(0.239) (-0.425; 0.524)

βi, j - the jth fixed effect for ith response. i: (1) wrong m/t/d; (2) p.ulcers;(3) pat.falls;(4) uti;

(5) b.s. infect; and (6) pneumonia. j: (1)intercepts; (2) age; (3) gender;(4) satisfied;(5) language;

(6,7) type of unit [medical,mixed];(8) university hospital; and (9) beds
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Abstract

Background: Lives saved predictions are used to quantify the impact of certain
remedial measures in nurse staffing and patient safety research, giving an indication
of the potential gain in patient safety. Data collected in nurse staffing and patient
safety are often multilevel in structure, requiring statistical techniques to account
for clustering in the data.

Objective: The purpose of this study was to assess the impact of model speci-
fications on lives saved estimates and inferences in a multilevel context.

Methods: A simulation study was carried out to assess the impact of model
assumptions on lives saved predictions. Scenarios considered were omitting an im-
portant covariate, taking different link functions, neglecting the correlations coming
from the multilevel data structure, and neglecting a level in a multilevel model.
Finally, using a cardiac surgery data set, predicted lives saved from the random in-
tercept logistic model and the clustered discrete time logistic model were compared.

Results: Omitting an important covariate, neglecting the association between
patients within the same hospital, and the complexity of the model affect the pre-
diction of lives saved estimates and the inferences thereafter. On the other hand,
a change in the link function led to the same predicted lives saved estimates and
standard deviations. Finally, the lives saved estimates from the two-level random
intercept model were similar to those of the clustered discrete time logistic model,
but the standard deviations differed greatly.

Conclusions: The results stress the importance of verifying model assumptions.
It is recommended that researchers use sensitivity analyses to investigate the stabil-
ity of lives saved results using different statistical models or different data sets.

Keywords: clustered data, lives saved, multilevel analysis, simulation study
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Evidence found in a review of 96 North American studies supports the associa-
tion between nurse staffing levels and adverse events, mortality, and failure to rescue
(Kane et al., 2007). These associations have been confirmed in countries with varied
organized health care systems like Belgium (Van den Heede et al., 2009), Switzer-
land (Hugonnet et al., 2007) and UK (Rafferty et al., 2007). In these studies, risk
adjustment is required to obtain the association between nurse staffing and adverse
events (Jarman et al., 1999).

The vast majority of large-scale published studies in this field are cross sec-
tional. Patient safety measures often are derived from routinely collected admin-
istrative databases (e.g., discharge abstracts), whereas nurse staffing measures are,
in most cases, based on nurse surveys or administrative databases. The statistical
and methodological approaches used to examine these associations have evolved over
time. In the first wave of large-scale studies, nurse staffing was measured at the hos-
pital level. To analyze the relationship with patient safety measures, two approaches
were used: (a) analytic techniques to enable the aggregation of patient safety mea-
sures on the hospital level (Needleman et al., 2002) and (b) links between the nurse
staffing levels (measured at the hospital level) and the measures of patient safety
using logistic (in case of binary responses) regression models (Aiken et al., 2003,
2002). Because patients treated in the same hospital are not independent (patients
in the same hospital are exposed to the same environment or conditions), an impor-
tant assumption is violated. Therefore, these models included the Huber-White or
the Generalized Estimating Equation (GEE) approach to correct the estimates for
correlations between patients treated in the same hospitals. The same methods were
used in replication studies (Rafferty et al., 2007).

Recent researchers (Sales et al., 2008; Van den Heede et al., 2009) in this field
measured nurse staffing levels at the nursing unit level and linked these to patient
safety measures using the statistically more sophisticated but more complex multi-
level models. Multilevel models express the relationship between the response and
the covariates, taking into account the clustered nature of the data. In contrast to
marginal models using GEE, multilevel models are used to model the correlation
between units in a cluster explicitly (e.g., Molenberghs & Verbeke (2005)).

Van den Heede et al. (2009) studied the relationship between nurse staffing lev-
els of postoperative intensive care units and postoperative general surgical nursing
units and in-hospital mortality on elective cardiac surgery patients using a multilevel
logistic regression model. A significant association was found between the staffing
levels of the postoperative general surgical nursing units and the in-hospital mor-
tality (Van den Heede et al., 2009). Using the same data as Van den Heede et al.
(2009), Diya et al. (2010) considered an even more complex multilevel analysis.

It is often of main interest what the effect of a regression coefficient implies
in practice. In a classical regression analysis, the mean increase in the response
is expressed per unit increase in the covariate of interest (provided there are no
interaction effects). For other regression models, the regression coefficient has a
more complicated interpretation. For example, a logistic regression model represents
the relationship to the response in a similar way the log odds ratio does. The
statistically significant associations between nurse staffing and patient safety are
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expressed increasingly in measures that help build the social (i.e., analysis of the
benefits to the patient and society) and economic (i.e., analysis of financial costs
and returns, appropriately discounted) cases for nursing (Needleman, 2008) to show
relevance to policy makers.

Aiken et al. (2002) was one of the first group of researchers to make a clear
social case to support investments in nurse staffing levels. They illustrated that
staffing ratios of eight patients per nurse compared with four patients per nurse are
associated with six additional deaths per 1,000 surgical admissions. Van den Heede
et al. (2009) analyzed the potential reduction in the expected in-hospital mortality
if the nurse staffing levels of general surgical nursing units were elevated to the
75th percentile value of the observed nurse staffing levels for all nursing units below
the 75th percentile, expressed as lives saved in this article. The number of lives
saved is used also to study the cost effectiveness of increasing nurse staffing levels
(Needleman et al., 2006; Van den Heede et al., 2010). Because the designs used in
these studies are cross sectional, the illustrated associations are not necessary causal
(Mark, 2006), and results should be interpreted with caution. Despite these and
other methodological considerations, statistical considerations also should be taken
into account.

7.1 Purpose

The aim of this presentation was to evaluate the impact of the chosen statistical
models on the predicted quantities in nurse staffing and patient safety research. In
particular, the focus is to assess model assumptions on predictions of lives saved.

Examples in specialized statistical literature (Litiére et al., 2007; Neuhaus et al.,
1992; Verbeke & Lesaffre, 1997) illustrate that when the model assumptions are not
supported by the data at hand, there is a high risk of making erroneous conclusions.
Inferences might be invalid, and there is a possibility of under or overestimating the
true effect of a covariate on the response.

7.2 Methods

7.2.1 Data sources

The data used in this study come from the 2003 Belgian Nursing Minimum Data
Set and the 2003 Belgian Hospital Discharge Data Set. The 2003 Belgian Nursing
Minimum Data Set contains information on the individual nursing unit and the
nature of nursing care provided by all Belgian acute care hospitals. The 2003 Belgian
Hospital Discharge Data Set contains information on all patients discharged from
all acute care hospitals, that is, demographic characteristics, discharge statuses,
diagnoses on the basis of the International Classification of Disease, Ninth Revision,
Clinical Modification, and procedures. Both data sets are described in detail by Van
den Heede et al. (2008) and Van den Heede et al. (2009).



7.2. METHODS 95

7.2.2 Sample

This study included 9,054 elective cardiac surgery patients treated in Belgian car-
diac surgery centers in 2003. The sample was restricted to patients 20 to 85 years of
age. Patients were in one of the following groups defined in the All Patient Refined
Diagnosis Related Group (APR-DRG), Version 15.0: 162 (heart valve procedure
with heart catheterization), 163 (heart valve procedure without heart catheteriza-
tion), 165 (coronary artery bypass graft [CABG] with heart catheterization), and
166 (CABG without heart catheterization). This study population was chosen be-
cause patients who undergo these kinds of cardiac procedures follow a similar patient
trajectory, leading to a more homogeneous study population.

7.2.3 Study variables

The response was in-hospital mortality (yes or no). For didactic reasons, only three
covariates were included in the models: risk of mortality (ROM; 1 = minor, 2 =
moderate, 3 = major, 4 = extreme), type of procedure (i.e., APR-DRG), and nurse
staffing levels (Nursing Hours Per Patient Day [NHPPD]). The ROM categories
represent the likelihood for a given patient to die and were initially based on all
available secondary diagnoses (Weingart et al., 2000) and calculated using the 3M
Grouper software (Averil et al., 1997).

Unfortunately, secondary diagnoses may represent comorbidities and complica-
tions, perhaps leading to an overcorrection of the relationship between staffing vari-
ables and in-hospital mortality. Therefore, the final ROM categories were calculated
without secondary diagnoses used to calculate in-hospital complications (Depart-
ment of Health and Human Services, 2007). This presentation will focus on an
aggregate of the postoperative general surgical nursing unit NHPPD because this
covariate has been shown to be associated significantly with in-hospital mortality
(Diya et al., 2010; Van den Heede et al., 2009). The nurse staffing variable is log
transformed, centered, and standardized.

7.2.4 Ethical considerations

The study committee appointed by the Ministry of Science Policy gave the ethical
approval for this study. The data provided by the Ministry of Public Health of
Belgium did not contain information about the identity of patients or hospitals.

7.2.5 Statistical analysis

Multilevel models for binary data were considered in this presentation. The response
of interest; mortality is binary (either a patient is dead = 1 or alive = 0). In par-
ticular, the multilevel logistic model was considered. However, other link functions
besides the logit link were entertained, such as the probit link function and the
complementary log-log link function (Agresti, 2007). (The dependency of patients
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within the same hospital is captured through the hospital random effects, explicitly
modeling this dependency; in GEE, the interest lies in only correct inference about
the fixed effects.) The clustered discrete time logistic model is an extension of the
multilevel logistic model, which accounts for not only the multilevel structure of the
data but also the realization that patients are moving across units in a hospital (Diya
et al., 2010). That is, this model captures the patient trajectory. For more details
pertaining to the multilevel logistic regression, clustered discrete time logistic model,
and other link functions, the reader is referred to the text in the appendix.

The percentage of unexplained variability in a given level relative to the total
unexplained variability coming from all levels in a multilevel model is called the
intraclass correlation coefficient (ICC; for a description of the statistical models and
concepts, see text, Appendix ). The intraclass correlation also indicates the degree of
similarity in patients within the same hospital. That is, it is expected that patients
from the same hospital exhibit more similarity than patients from different hospitals
because of sharing of the same nursing environment and experiences within the
hospital. In nursing research, a high ICC value (i.e., > .30) means that there is a
great dependence or similarity in patients from the same hospital, whereas a low
ICC value (i.e., < .05) means the opposite. In nursing research, it is rare to have
extremely high ICC values (i.e., values greater than .30) after controlling for the
patient case-mix. For an ICC close to zero, patients from different hospitals are as
much alike as patients from the same hospital.

7.2.6 Lives saved predictions

Lives saved predictions are obtained by taking the difference between (a) the ex-
pected number of deaths (per type of procedure and across all patients) under the
current nurse staffing levels and (b) the expected number of deaths under the new
nurse staffing levels obtained by elevating all nurse staffing levels, for those values
less than the 75th percentile up to the 75th percentile nurse staffing level. This
quantity gives the number of patients that would not die if the hospitals increased
their staffing levels to the 75th percentile.

7.2.7 Simulation study

Simulation studies are used to study a particular aspect of a model while controlling
for the other aspects. To demonstrate statistical concepts, simulated data with
known statistical properties can be used (Burton et al., 1992; Hodgson & Burke,
2000). The merits of simulated data are that statistical analysis results can be
compared with known and predefined properties of the data, whereas with real data
the true underlying relationships are not known. Simulation approaches are more
convincing than mathematical or statistical proofs to researchers who are not trained
as methodologists.

In this presentation, a multilevel logistic model was fitted to the original data set;
from this model, the fixed effects and the variance components were obtained (for a
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description of the statistical models and concepts, see text, Appendix). New covari-
ate values were then generated, emulating characteristics from the original data set.
That is, for continuous covariates, the newly simulated covariate values were sampled
from a normal distribution with mean (variance) equal to the mean (variance) of the
original covariate. A random sample is obtained for each categorical covariate using
a multinomial model with the obtained proportions as theoretical probabilities. For
the random effects, the normal distribution with mean 0 and variance σ2

H (hospital
random effects variance) is assumed. From these newly simulated covariate values
and random effects, a new response variable (i.e., in-hospital mortality) is generated.
All simulated data sets were obtained using the logit link. The parameter estimates
and the variance components used to generate the simulation data sets are shown in
Table 7.2.1.

Table 7.2.1: Parameter Estimates for the Cardiac Data Set Using the Multi-
level Logistic Regression Model

Effect Estimate (SE) Z p

Fixed:

Intercept −6.484(0.569) −11.392 < 0.001

ROM 2a 0.112(0.683) 0.163 0.870

ROM 3a 2.299(0.554) 4.148 < 0.001

ROM 4a 5.534(0.521) 10.620 < 0.001

APR-DRG 163b −0.115(0.247) −0.464 0.643

APR-DRG 165b −0.099(0.245) −0.404 0.686

APR-DRG 166b −0.407(0.246) −1.656 0.098

Nurse staffing levels −0.299(0.147) −2.032 0.042

Variance Component:

σ2H 0.416

Note. APR-DRG = All Patient Diagnostic Related Group;

ROM = Risk of Mortality; σ2
H = the (residual) hospital variability.

a compared to ROM 1.

b compared to APR-DRG 162.

To illustrate the impact of modeling assumptions on lives saved predictions,
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four simulation scenarios were considered. In each simulation scenario, lives saved
predictions were compared.

Scenario 1 The impact of omitting an important covariate (ROM) was assessed.
Under this scenario, two sub-scenarios were considered: (a) simulate the nurse
staffing and the ROM variables independently, and (b) first simulate the nurse
staffing level variable for each hospital then simulate the ROM variable conditional
on the simulated nurse staffing level variable. That is, the proportion of patients
in categories ROM 1 (minor), ROM 2 (moderate), ROM 3 (major), and ROM 4
(extreme) for hospitals were allowed to vary in each quartile of nurse staffing level;
that is, when (a) below the first quartile, the proportions are 0.50, 0.30, 0.15, and
0.05, respectively; (b) between the first and the second quartiles, the proportions
are 0.30, 0.35, 0.20, and 0.15, respectively; (c) between the second and the third
quartiles, the proportions are 0.15, 0.40, 0.25, and 0.20, respectively; and (d) above
the third quartile, the proportions are 0.03, 0.42, 0.30, and 0.25, respectively. These
proportions were selected so that hospitals with high staffing levels also have more
at-risk patients.

Scenario 2 The impact of the link function on lives saved predictions was evaluated.
When binary outcomes like in-hospital mortality are used, most often the logit link
is used in practice. However, the probit or complementary log-log (cloglog) link
functions are also valid candidates (Agresti, 2007).

Scenario 3 The effect of neglecting correlations within hospitals was evaluated.
The lives saved predictions for models with and without the hospital random effects
were compared. Three scenarios of patient interdependence within hospitals were
simulated: low (ICC = .05), moderate (ICC = .10), and high (ICC = .30).

Scenario 4 The effect of neglecting one level in a multilevel model was studied.
Two sets of random effects were generated, the random effects pertaining to the
nursing unit and the hospital. Staffing values were generated at the nursing unit
level. This scenario was further divided into three sub-scenarios: (a) the between-
and within-hospital variability is the same (both variance components equal), (b)
the between-hospital variability is smaller than the within-hospital variability (nurs-
ing unit variance component 3 times larger than the hospital variance component),
and (c) the between-hospital variability is larger than the within-hospital variabil-
ity (hospital variance component three times larger than the nursing unit variance
component). In these sub-scenarios, two models were fitted to the simulated data:
(a) a model with all levels accounted for and (b) a model with the nursing unit level
dropped (aggregated at the hospital level).

Finally, the lives saved predictions from the random effects logistic model, and
the clustered discrete time logistic model were compared to gauge whether the addi-
tional complexity in modeling the patients trajectory affects lives saved predictions.
In fitting these two models, the cardiac data set was used.

All statistical analyses were done using the R statistical software (R Development
Core Team, 2011) on the HPC cluster VIC3 of the Katholieke Universiteit Leuven.
The multilevel models were fitted using the R function lmer in the lme4 package
(Bates & Maechler, 2010).
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7.3 Results

There were 511, 2,398, 1,767, and 4,378 patients in APR-DRG 162, 163, 165, and 166,
respectively. Most the patients (48.35%) underwent CABG without heart catheter-
ization. The largest ROM category was moderate risk (3,103), followed by 2,706
patients with minor risk, 2,021 with major risk, and 1,224 with an extreme high
risk. The in-hospital mortality rate was 3%. The log NHPPD values ranged from
1.76 to 4.30, with an average of 2.89 (median = 2.83) and a standard deviation of
0.68.

7.3.1 Results of the simulation study

Scenario 1: Omitting an Important Covariate In Table 7.3.2, the full model
refers to the model with all the covariates accounted for, and the reduced model is
one where the ROM covariate is not included in the model under two conditions: a
model where the covariate values are independent and a model where the covariate
values covary. When the covariates are independent, most of the predictions from
the reduced model are inflated only slightly in comparison with the full model pre-
dictions, whereas the standard deviations from the reduced model tend to be more
inflated.

When the nurse staffing variable and ROM variable are correlated, a drastic
change in the estimated lives saved is seen. When ROM is accounted for in the full
model, positive lives saved estimates are obtained; when ROM is omitted, negative
lives saved estimates are obtained. The model with the ROM variable incorporated
has smaller standard deviations than the model without the ROM.

Scenario 2: The Impact of the Link Function In the health outcome literature,
the logit link is the most commonly used link function. The attractiveness of this
link function hinges on the interpretation of fixed effects parameter estimates as
log odd ratios. Besides the logit link, there are other link functions that are in
use with binary data, namely, the probit link and the cloglog link. The lives saved
estimates for the logit, probit, and cloglog link are similar and so are the variances
(Table 7.3.3).

Scenario 3: Neglecting Correlations of Patients in the Same Hospital The
intraclass correlation can be viewed as a measure of the amount of variability at
each level of the hierarchy. The predicted lives saved decreased as the ICC increases
for both the logistic and the random intercept logistic models (RI Logistic in Ta-
ble 7.3.4). In other words, models with a great amount of unexplained variability
led to lower predicted lives saved estimates irrespective of whether dependency had
been taken into account.

Neglecting the correlation between patients from the same hospital (classical
logistic regression) has a small to moderate impact on the predicted lives saved. In
the case of moderate (ICC = .10) dependency, the classical logistic regression model
overestimated the predicted lives saved. For low levels of dependency (ICC = .05),
there is not much difference between predicted lives saved from the two models.
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Table 7.3.2: The Effects of the Omitted Covariate on the Lives Saved Pre-
dictions

Lives Saved

Covariates independent Covariates Co-vary

Model Fulla Reducedb Fulla Reducedb

Mean (SD) Mean (SD) Mean (SD) Mean (SD)

Type of procedure:

APR-DRG 162 4.40( 1.80) 5.29( 2.78) 4.16 ( 1.14 ) −1.54 ( 1.70 )

APR-DRG 163 21.33( 8.56) 22.54(11.10) 21.63 ( 5.32 ) −7.58 ( 8.05 )

APR-DRG 165 16.64( 6.65) 17.47( 8.61) 19.90 ( 4.80 ) −7.47 ( 7.96 )

APR-DRG 166 41.21(16.50) 41.29(20.05) 36.09 ( 8.92 ) −12.53( 13.23 )

Overallc 83.57(33.21) 86.59(41.84) 81.78 (19.67 ) −29.13( 30.74 )

Note. APR-DRG = All Patient Diagnostic Related Group.
a Full model – model with all the covariates included.
b Reduced model – model without risk of mortality.
c The total number of lives saved.

Table 7.3.3: The Impact of the Link Function on the Lives Saved Predictions

Lives Saved

Link Logit Probit Cloglog

Mean (SD) Mean (SD) Mean (SD)

Type of procedure:

APR-DRG 162 4.40 ( 1.80 ) 4.78 ( 1.97 ) 4.20 ( 1.82 )

APR-DRG 163 21.33 ( 8.56 ) 22.02 ( 8.63 ) 20.80 ( 8.67 )

APR-DRG 165 16.64 ( 6.65 ) 16.82 ( 6.58 ) 16.09 ( 6.72 )

APR-DRG 166 41.21 (16.50 ) 41.80 (16.33 ) 40.05 (16.67 )

Overalla 83.57 (33.21 ) 85.41 (33.18 ) 81.14 (33.48 )

Note. APR-DRG = All Patient Diagnostic Related Group.
a Total number of lives saved.
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Further, the standard deviations from the classical logistic regression model were
always smaller than those of the random intercept logistic regression model. In the
case of high (ICC = .30) dependency, the lives saved prediction from the random
intercept logistic model was larger than those for the logistic model.

Scenario 4: Neglecting a Level in a Multilevel Model The effect of omitting
a level in a multilevel logistic regression model is shown in Table 7.3.5. The correct
specification is a three level logistic model: hospital, nursing unit, and patient. In
this scenario, the nursing unit level was omitted, which induced smaller predictions
of lives saved (sometimes twice as small). The standard deviations of the parameter
estimates increased when omitting the second (nursing unit) level because the asso-
ciation of patients in the same nursing unit was not taken into account and the nurse
staffing variable was omitted partially (losing some detail through aggregation).

In summary, omitting an important risk adjuster may lead to misleading lives
saved predictions, and analyzing the data as if they are independent observations
can lead to inflated or deflated lives saved predictions (depending on the ICC). The
practice of choosing only one level of clustering from two or more clustering levels,
as done in GEE or generalized linear mixed models, can lead to shrunken lives saved
predictions.

7.3.2 Cardiac data set comparisons

The misspecifications mentioned in the simulation scenarios were applied to the
cardiac data set employing the random intercept logistic regression model of Van
den Heede et al. (2009, 2010). From this exercise, it was established that lives
saved predictions are robust against the choice of the link function; however, when
clustering is neglected, both the lives saved predictions and their standard errors are
attenuated. When the risk adjuster ROM was omitted, there was a marked reduction
in lives saved predictions, and the 95% confidence intervals contained zero.

Using the cardiac data set, the predicted lives saved estimates from the random
intercept logistic regression model of Van den Heede et al. (2009, 2010) and the
clustered discrete time logistic model of Diya et al. (2010) were compared.

The comparisons between these two models for the different type of procedures
and overall are shown in Table 7.3.6. The predicted lives saved estimates from the
two models were similar. However, the standard deviations for the clustered discrete
time logistic model were larger than those of the random intercept logistic model.
If clinical conclusions are to be based on the predicted lives saved estimates and
confidence intervals, then the clustered discrete time logistic model will lead to more
conservative estimates and confidence intervals.

7.4 Discussion

To communicate associations between different aspects of the nursing work envi-
ronment and mortality in a clear and intuitive way, lives saved measures are used
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Table 7.3.5: The Impact of Omitting a Level in a Multi-level Model on the
Lives Saved Predictions

Lives Saved

Omitted Level: None Nursing Unit

Mean (SD) Mean (SD)

Type of procedure:

Between Smaller Than Within

APR-DRG 162 13.05 ( 2.14 ) 5.67 ( 2.93 )

APR-DRG 163 67.34 ( 10.63 ) 33.67 ( 17.30 )

APR-DRG 165 46.09 ( 7.18 ) 22.93 ( 11.78 )

APR-DRG 166 100.56 ( 16.54 ) 50.21 ( 25.94 )

Overalla 227.04 ( 35.67 ) 112.48 ( 57.82 )

Between Equal to Within

APR-DRG 162 13.02 ( 2.18 ) 7.06 ( 3.67 )

APR-DRG 163 68.46( 11.06 ) 42.37 ( 21.91 )

APR-DRG 165 44.99 ( 7.25 ) 27.86 ( 14.45 )

APR-DRG 166 95.334( 16.51 ) 59.52 ( 31.23 )

Overalla 221.811( 36.25 ) 136.81 ( 71.10 )

Between Larger Than Within

APR-DRG 162 12.07 ( 2.18 ) 7.67 ( 4.58 )

APR-DRG 163 62.50 ( 11.07 ) 45.38 ( 26.98 )

APR-DRG 165 41.37 ( 7.34 ) 30.04 ( 17.90 )

APR-DRG 166 88.32 ( 16.91 ) 64.70 ( 39.10 )

Overalla 204.26 ( 36.92 ) 147.82 ( 88.41 )

Note. APR-DRG = All Patient Diagnostic Related Group.

a Refers to the total number of lives saved.
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Table 7.3.6: Comparison of the Random Intercept model and the Clustered
Discrete Time Model on the Lives Saved Predictions

Lives Saved

Model: Random Intercept Clustered Discrete Time

Mean (SD) Mean (SD)

Type of procedure:

APR-DRG 162 7.67( 1.96) 6.80( 3.29)

APR-DRG 163 14.06( 3.66) 13.51( 6.40)

APR-DRG 165 13.74( 3.35) 12.47( 5.68)

APR-DRG 166 13.84( 3.68) 14.37( 6.48)

Overalla 49.30(12.20) 47.15(41.84)

Note. APR-DRG = All Patient Diagnostic Related Group.

a The total number of lives saved.

increasingly (Aiken et al., 2003, 2002; Needleman et al., 2006; Van den Heede et al.,
2009, 2010). Comparing the early studies (Aiken et al., 2002; Needleman et al.,
2002) with more recent ones (Van den Heede et al., 2009) the statistical models
increasingly aim to fit the complex nature of the data at hand (e.g., multilevel data
structure).

A first observation from the simulation study is that omitting important variables
from the model can have a substantial impact on the lives saved measures. This
reinforces the need for the development of sound theory, which is lacking now, in
this area to guide nurse staffing researchers to select the key variables of interest
together with potential moderators and mediators that affect the relationships under
study (Mark, 2006). Previous research by Jarman et al. (1999), for example, showed
that focusing solely on the impact of nurse staffing levels on in-hospital mortality
has risks. Jarman et al. (1999) illustrated in a U.K.-based study that the hospital
doctors-to-bed ratio was a better predictor for hospital mortality than the hospital
nurses-to-bed ratio. Thus, as much of this multifaceted context as possible, combined
with nurse staffing variables, needs to be taken into account to strengthen the nurse
staffing findings. This is one of the main limitations of previously published studies
because they were conducted using large routinely collected administrative databases
with a pre-defined list of variables.

Second, the use of various link functions did not have a great impact on the
study results. Therefore, the logit link function should continue to be used because
it is the easiest link function to interpret.

A third observation is that, in the case where there is a strong association be-
tween patients in the same hospital, neglecting to take this association into account
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in a model can lead to wrong predictions of lives saved estimates and also deflated
standard deviations, thus leading to invalid inferences. There is a tendency to ag-
gregate data at the hospital level and then fit a two-level model to a three-level
multilevel data structure. It was shown in this study that this can lead to invalid
inferences and under- or overestimation of lives saved. Therefore, it is recommended
to decide which statistical model is most suited for the data at hand taking into
account the level of interdependence of observations within hospitals and nursing
units.

7.5 Conclusion

In this article, the differences between predictions were evaluated by assuming a
wrong statistical model. This exercise is different from evaluating the dependence
on the prediction itself by varying the statistical model. That is, two models might
lead to moderately different predictions, but the difference in predictions by assuming
two different covariate values might be close to each other.

Recommendations to nurse researchers are: (a) theory should guide nursing re-
search, (b) the structure of the data should be incorporated into the analysis as
much as possible, and (c) sensitivity analyses should be conducted to investigate the
impact of certain decisions in the analytic process (e.g., neglecting the nursing unit
level)on the predicted lives saved.
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Appendix: Statistical models and concepts

Multilevel logistic regression model

Consider a 2−level (i.e., patient and hospital level) logistic model. However, the
description given here applies to any multilevel model. Let yij represent the status
of patient j in hospital i and the associated covariate. The 2−level logistic regression
model, with only one covariate, is given by

log(P (yij = 1)/P (yij = 0)) = β0 + β1Xij + bi, (A-1)

where β0 and β1 are the fixed effects (intercept and slope) and bi ∼ N(0, σ2
H) is

the random effect (random intercept) for hospital i. The parameter bi represents
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how the mean log odds in hospital i differs from the overall average log odds. The
parameter β0 is the intercept and β1 is the increase in the log odds of dying for a
unit increase in the covariate Xij . σ2

H captures the unexplained variability at the
hospital level. Beside the logit link other link functions can be used, i.e. the probit
link and the complementary log-log link (cloglog) where log(P (yij = 1)/P (yij = 0))
in equation (A-1) is replaced by Φ−1(P (yij = 1)) and log(− log(1 − P (yij = 1)))
respectively.

Clustered discrete time logistic model

The clustered discrete time logistic model is an extension of the multilevel logistic
random effects model. Suppose there are t positions (type of nursing units) that a
patient passes through. Let yit(k)j represent the status of patient j in the kth unit

of position t of the patients trajectory in the ith hospital and Xitj is the associated
covariate. A 3−level clustered discrete time logistic model with only one covariate,
is given by

log(P (yit(k)j = 1)/P (yit(k)j = 0)) = βt + β1Xitj + bi + bt(k), (A-2)

where βt is the position (type of nursing unit) specific intercept, bi ∼ N(0, σ2
H) is the

random effect (random intercept) for hospital i and bt(k) ∼ N(0, σ2
t ) is the random

effect of the tth type of nursing unit or the tth position in the patient trajectory. For
a more detailed discussion on the clustered discrete time logistic model the reader
may consult the paper by Diya et al. (2010).

Intra-class correlation coefficient

The intra-class correlation is formally defined as

ICC =
σ2
H

σ2
H + σ2

E

, (A-3)

where σ2
E = π2/3 for a random intercept logistic regression model and σ2

E = 1 for a
random intercept probit regression model

Procedure for estimating lives saved predictions

The predicted lives saved were estimated by first obtaining the maximum likelihood
estimates of the fixed effects and the variance components. To obtain population
averaged lives saved estimates new random effects are sampled from a normal distri-
bution with mean equal to 0 and variance equal to the maximum likelihood estimate
of the variance component. To take into account the uncertainty in estimating the
fixed effects new fixed effects were also sampled from a normal distribution with
mean equal to the maximum likelihood estimates of the fixed effects with the vari-
ances and covariances set equal to the inverse Hessian matrix from the maximum
likelihood estimation.
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Secondly, the elevated staffing level variable (staffing levels below the 75th per-
centile set to the 75th percentile value) is calculated and the probabilities of dying
are calculated with the original staffing variable and also with the elevated staffing
variable.

In the third step, the sum of the probabilities for the elevated staffing regime
and for the current staffing regime are calculated per diagnosis and overall. Now
lives saved is calculated as the difference between these two sums per diagnosis and
for all the patients.
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Chapter 8
General conclusions and further
research

8.1 Introduction

The overall objective of this PhD thesis was the development and statistical ex-
ploration of multilevel models in health care research. This chapter present some
general conclusions and topics for further research.

8.2 General conclusions

This thesis has highlighted that there are various aspects which need to be addressed
for one to have valid inferences in the field of health outcomes and nursing research,
e.g. the data structure and the nature of the response. In Chapter 4 we established
that there is a negative association between the carry over effects of the general
nursing unit nurse staffing levels and mortality and it appears that the intensive
care nurse staffing levels did not have a significant association with mortality. How-
ever, in Chapter 5 we establish that mortality and intensive care nurse staffing levels
had a significant negative association but this was more pronounced for hospitals
with high volumes of cardiac procedures. Just like mortality, the composite measure
of readmission into the intensive care nursing unit or operating theatre and mortal-
ity was negatively associated with the general nursing unit nurse staffing levels but
the relationship was more pronounced in the low risk of mortality patient group. In
Chapter 6, multilevel factor analysis offered a unified approach to assess the rela-
tionship between several adverse events, patient safety and determinants of patient
safety whilst taking the clustered nature of the data into account.

This thesis had contributed to the body of knowledge in both the statistical
and health care fields. We will start by summarizing the methodological/statistical
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contributions followed by the contributions to the health care field.

8.2.1 Methodological contributions

Classical regression approaches can provide invalid inferences when used on multi-
level data sets since they fail to account for the dependency structure in the data.
However, multilevel models do lead to valid inferences. In Chapter 5, we presented
a new model, the clustered discrete time logistic model. This is an extension of the
discrete time logistic model (Singer & Willett, 1993). The clustered discrete time
logistic model, is a multilevel model (hospital, nursing unit and patient levels) which
has “time” specific intercepts, and the dependencies emanating from the nursing
unit and hospital environments are accounted for by the random effects. This model
differs from other multilevel models in literature (e.g., hierarchical multilevel models
and multiple membership multiple classification models), in that it accounts for a
“moving” hierarchy. In this model we also relaxed the assumption that the influence
of a covariate is confined to the position (e.g. nursing unit) where the covariate is
observed . We allowed the covariates to impact the responses in the current and
subsequent positions.

Multilevel models require one to invest time and programming effort. For easy
of interpretation parsimony in covariates and in the data structure is always encour-
aged. So before embarking on fitting complex multilevel models, one needs to check
whether there is indeed a hierarchical structure in the data. This can be checked by
assessing whether there is substantial variability in the responses at the cluster level
either informally by computing the intra-class correlations coefficient or formally by
using the Analysis of Variance (ANOVA) discrepancy measures proposed by Yan
& Sedransky (2007). In Chapter 6 we developed Bayesian diagnostic techniques to
check the hierarchical structure in multivariate data sets in the context of factor an-
alytic models. This was an extension from the ANOVA discrepancy measures of Yan
& Sedransky (2007) to Multivariate Analysis of Variance (MANOVA) discrepancy
measures which do take the dependency in the multivariate response vector into
account. We showed that our approach do have better power to detect hierarchical
structures in multivariate data sets. This approach can be used in other multivariate
models besides factor analytic models and can be easily translated to the frequentist
context.

An additional contribution in Chapter 6 is that we developed a Bayesian multi-
level factor analysis model using the latent variable approach (Data Augmentation).
Here we used the latent Gaussian variables, underlying the binary variables, to do
posterior predictive checks and sensitivity analysis which would only be possible to
carry out for continuous responses (e.g., assume a skewed response).

8.2.2 Contributions to the field of health care research

This thesis does not contain only methodological contributions but also contributions
for the field of health care. The development of statistical approaches in this thesis
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was driven by the desire to respond to problems presented in the field of health
outcomes and nursing research.

In this field of research, there is a tendency to analyze multilevel data either
using the GEE approach or multilevel models with just two levels (patient level and
hospital level) or aggregate data at the highest (hospital) level. This is often driven
by the need to make statements at the hospital level. However, from a replay of the
analysis of Aiken et al. (2002), we failed to confirm their findings to the Belgian case
(Van den Heede et al., 2009). This was because the health care systems in the US and
Belgium are different. The clustered discrete time logistic regression model permitted
for the inclusion of the nursing unit level in the analysis and from this model we did
find a relationship between nurse staffing levels and in-hospital mortality. When
the data structure has many levels of analysis, the MANOVA discrepancy measures
(for multivariate responses) or the ANOVA discrepancy measures (for univariate
responses) can be used to eliminate all the levels which do not contain substantial
variability.

Another contribution is the use of composite measures as an alternative to using a
single adverse event, say mortality, as a proxy of patient safety. Composite measures,
for, instance a composite measure of readmissions into the Operating theatre and/or
intensive care nursing unit and mortality presented in Chapter 5, do not only capture
the effects of a broad spectrum of observed adverse events but they also capture
the effects of unobserved adverse events or complications thus capturing the multi-
dimensional facets of patient safety.

In Chapter 6 we introduced a multilevel factor analysis model for binary data.
This model established the relationship between the multivariate response vector
and a latent factor. From this model, standardized factor loadings can be viewed as
correlations between the latent factor (e.g., patient safety) and multivariate response
(e.g., adverse events). This can give an idea on which adverse events impacts patient
safety more, so that corrective measures can be taken.

The use of “lives” saved measures is an important intuitive way to advocate
for the social and economic case with regards to patient safety (Needleman, 2008;
Needleman et al., 2006; Van den Heede et al., 2010). In Chapter 7, we assessed the
impact of certain model (mis-)specifications with respect to “lives saved” predictions
and inferences. We noticed that, neglecting a level of analysis (data structure) and
omitting an important covariate can lead to wrong “lives saved” predictions hence
wrong policy conclusions. We therefore recommend that, if nurse researchers are to
use such measures, a sensitivity analysis must be carried out to assess the stability
of these predictions over different data sets and also different models.

8.2.3 Limitations

The major limitation of the clustered discrete time logistic regression model, is that,
it does not allow for more than one patient trajectory. Though the model account
for the “moving” hierarchy, it does not permit different types of nursing units to be
in the same position.
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The use of composite measures do give a global picture of the relationship be-
tween patient safety and nurse staffing levels but fails to identify which adverse events
are highly correlated with patient safety. Another reason for using the composite
measure was because the administrative data bases did not have a time stamp for
most adverse events hence making it impossible to identify on which nursing unit the
adverse event developed. In Chapter 5 two Bayesian multilevel models were fitted to
assess the relationship between patient safety and nurse staffing levels. We implicitly
assumed that the two post-operative periods being explored do not influence each
other, that is, patient safety issues in the intensive care do not affect patient safety
concerns in the preceding units.

In Chapter 6 only six adverse events were considered. The weight of the evidence
would have been stronger had there been more adverse events to consider.

Belgian administrative data bases gives a national representative sample of Bel-
gian nurse and patient records. It should be noted that not all important variables
were collected. This was because the primary goal of these data bases is hospital
financing purposes and not research (Van den Heede et al., 2007). However, there
have been a great improvement in recent data bases, in that, research goals are also
being considered when collecting these data bases.

A major limitation in the research in this thesis is that nurse staffing levels are
considered as the main determinant of patient safety. However, other factors that
influence patient safety to a less or greater extend might exist, e.g. physician- to-
patient or physician-to-bed ratios. These factors were not taken into consideration
in this research. Further research on the impact of the staffing of physician in
interaction with the staffing of nurses is recommended.

8.3 Further Research

Though administrative data bases are limited with respect to research goals they can
be complemented with other data bases. This might lead to data bases which do have
all the necessary risk adjusters like information on other health care workers (e.g.
nurse aids and physicians) who are essential in directly or indirectly discharging care
to patients. Linking various data bases can lead to truncated records in cases were the
data bases span different time periods. This calls for models to deal with truncated
responses and/or covariates. Future research in the field of health outcomes and
nurse staffing research need to utilize longitudinal data bases to explore the evolution
of patient safety over time. In Belgium, this is feasible as every year hospitals are
mandated by Law to collect the BHDDS and the NMDS.

The clustered discrete time logistic model can be extended to cater for more than
one patient trajectory. That is, though most patients follow the patient trajectory
presented in Chapter 4 there are still some patients who follow different trajectories.
Another possible point for improvement is with regards to the 4th unit. Instead
of bundling all nursing unit into this “unit” the individual nursing unit have to be
considered and their nurse staffing levels won’t be lost from the analysis.
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Another possible extension to the models presented in this thesis is to create
marginalized multilevel models in a Bayesian context. These are models were the
dependency structure is modeled and at the same time the effects reported are
population averaged effects just like in the case of Generalized Estimating Equations
approach.

Fitting Bayesian multilevel models using Markov Chain Monte Carlo techniques
is computer intensive especially for the huge data sets encountered in health care
research. Integrated Nested Laplace Approximations (INLA) can be used as an alter-
native technique. INLA provides the marginal posterior samples for the parameters
of interest within a fraction of the time that Markov Chain Monte Carlo techniques
would require. We replayed some of the analysis in this thesis using INLA and real-
ized that models which took days to fit can be realized in a matter of minutes and
the posterior samples from INLA are as accurate as those from Markov Chain Monte
Carlo techniques. Another added advantage of INLA is that the programming effort
is less compared to MCMC techniques. All further research will target INLA in
implementing Bayesian multilevel models.

The RN4CAST data set presents a lot of opportunities for future research. In this
thesis, we only considered a subset of one of the three major data sets collected under
the RN4CAST project, that is, the Belgian chapter of the RN4CAST nurse survey
data. Multilevel factor analysis models should be extended to included the country
level as the health care systems may be different across Europe. Another aspect to
explore is whether the factor structure can be assumed to be the same across different
health care systems (different countries). The RN4CAST nurse survey data and the
patient satisfaction data can be used to jointly inform on the true but underlying
patient safety construct in European health care institutions and with regards to
this structural equation models can be used.

Finally, multi-state models can be used in assessing the impact of nurse staffing
and other patient safety determinants on patient safety. That is, patient safety can be
represented by different states, namely adverse event free state, adverse event, major
disability and death. During his/her hospital stay a patient has the chance of entering
each of the given states. Obtaining the transition probabilities for such a multi-state
model will aid hospital administrators in providing the adequate resources needed
to reduce the chance of moving into bad states.
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Summary

The main aim of this thesis was the exploration of statistical methods used in health
care research. We developed statistical models which adequately address the com-
plex multilevel data structures encountered in this area of research. We advised on
the limitations of statistical methods and/or quantities currently used in health out-
comes and nursing research and provided recommendations on how to deal with such
limitations. These statistical methods were applied to the field of health outcome
and nurse staffing research, with the aim of establishing a relationship between pa-
tient safety, represented by its surrogates (adverse events and composite measures)
and nurse staffing levels. We showed that, failing to account for the complex mul-
tilevel data structure in models used to assess this relationship can lead to invalid
inferences.

In the first study the relationship between hospital mortality and nurse staffing
levels was established using the clustered discrete time logistic regression model
which is an extension of the discrete time logistic regression model. This model
captures the risk associated with different types of nursing units through the “time”
specific intercepts and accommodates the clustering at the nursing unit level and
hospital level by using random effects. This model also permits for carry over effects.
From this study we concluded that low nurse staffing levels in the general nursing
unit are associated with an enhanced risk of mortality in patients who stayed past
the general nursing unit.

Since a single adverse event can not adequately capture the multi-dimensional
facets of patient safety, a composite measure of mortality and readmission into the
Operating theatre and/or the intensive care nursing unit was used as a surrogate
for patient safety in units after the first post-operative intensive care nursing unit
whereas mortality was maintained as the surrogate for patient safety in the intensive
care unit. We established that there is an association between these proxies of
patient safety and nurse staffing levels although the relationships were moderated
by the volume of cardiac procedures and severity of illness, respectively.

In the third study a multivariate response of six adverse event was related to
the patient safety domains using a multilevel factor analysis model. We proposed
Multivariate Analysis of Variance discrepancy measures as Bayesian diagnostic tools
to check for a hierarchical structure in a multivariate data set. We fitted a multilevel
(nurse and nursing unit levels) factor analysis to the data from the Belgian chapter of
the RN4CAST nurse survey data. We obtained a two factor solution at both levels.
At the nurse level the wrong medication/time/dose, pressure ulcers and patient fall
accidents load on one factor and urinary tract infections, bloodstream infections
and pneumonia loads on the other factor. At the nursing unit level, only wrong
medication/time/dose and pressure ulcers loads on the first factor whilst the rest of
the nurse reported adverse events load on the other factor.

Finally, we explored impact of model misspecification on the “lives” saved esti-
mates. We realized that, for instance, neglecting the data structure and omitting an
important variable when the omitted variable do covary with staffing levels do lead
to wrong “lives saved” predictions. This may lead to wrong policy recommendations.
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Samenvatting

In deze doctoraatsthesis onderzoeken we statistische modellen voor de analyze van
hospitaal gegevens met als doelstelling het verband te leggen tussen enerzijds de
verpleegkundige bestaffing en anderzijds de patintveiligheid (via vermijdbare neven-
werkingen bij de behandelde patinten). We onderzoeken de beperkingen van de
huidige gebruikte modellen in dit verband en ontwikkelen nieuwe hirarchische statis-
tische modellen. We illustreren ook dat conclusies verstoord kunnen worden wanneer
niet voldoende rekening gehouden wordt met de hirarchie in de data. Voor de ana-
lyze van de gegevens gebruiken we vooral Bayesiaanse technieken maar er wordt ook
gebruik gemaakt van frequentistische methoden.

In de eerste studie wordt het verband vastgesteld tussen ziekenhuissterfte en ver-
pleegkundige bestaffing en dit met behulp met een innovatief logistisch regressiemodel
dat een uitbreiding is van het discrete tijd logistische regressiemodel in de zin dat
omgevingsfactoren expliciet of impliciet in rekening worden gebracht. Meer specifiek
legt dit model het risico vast bij hospitalisatie voor elk type van verpleegafdelingen
door middel van tijdsspecifieke intercepten. Het model corrigeert voor groeperingsef-
fecten op het niveau van de verpleegafdeling en op het niveau van het ziekenhuis door
middel van random effecten. Dit model laat ook overdrachtseffecten toe van de ene
naar de andere verpleegafdeling. Uit deze studie blijkt dat een lage verpleegkundige
bestaffing in een algemene verpleegafdeling een hoger sterfterisico betekent voor de
patint op een eventuele volgende afdeling van zijn/haar verblijf.

In een volgende studie onderzoeken we het nut van een gecombineerd logistisch
regressiemodel waarbij mortaliteit als maat gebruikt wordt voor patintveiligheid bin-
nen de intensieve zorgen verpleegafdeling en een samengestelde maat (mortaliteit
en/of opname in intensieve zorgen of heroperatie) voor het karakteriseren van de
patintveiligheid in de gewone hospitalisatie-afdeling. Uit deze studie blijkt weer de
negatieve invloed van een lage verpleegkundige bestaffingsgraad.

In de derde studie gebruiken we een multivariate uitkomst van zes nevenwerkin-
gen (medicatie/tijd/dosis, doorligwonden, valaccidenten, door ontsteking aan de
urinewegen, ontstekingen in de bloedwegen en longonsteking) om patintveiligheid te
karakteriseren. Met behulp van een hirarchisch Bayesiaans factor analyse model on-
derzoeken we de onderliggende dimensies van deze nevenwerkingen op patint niveau
en op het niveau van de verpleegkundige eenheid. Om de noodzaak van een hirar-
chische structuur te onderzoeken stellen we een multivariate Bayesiaanse maat voor
als diagnostisch instrument. Verder passen we dit Bayesiaans factor analyze model
toe op de Belgische verpleegkundige enqute gegevens van de RN4CAST-studie. Op
beide niveaus blijken twee dimensies/factoren de zes nevenwerkingen te sturen. Op
individueel niveau: factor 1: eerste drie nevenwerkingen, factor 2: laatste drie en
op niveau van de verpleegkundige eenheid: factor 1: eerste twee nevenwerkingen en
factor 2: laatste vier.

Tenslotte onderzoeken we de invloed van statistische modelspecificatie op het
schatten van het aantal geredde levens. Het blijkt dat het negeren van bijvoorbeeld
de hirarchische gegevensstructuur maar ook het weglaten van een belangrijke ver-
pleegkundigebestaffingsvariabele leidt tot verkeerde voorspellingen voor het aantal
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geredde levens wat op zijn beurt kan leiden tot verkeerde beleidsaanbevelingen.

Samengevat worden in deze thesis statistische modellen toegepast en nieuwe
modellen voorgesteld om het verband na te gaan van de verpleegkundige bestaffin-
gsgraad enerzijds en de patintveiligheid anderzijds.
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Mutsvari, T., Lesaffre, E., Garćıa-Zattera, M. J., Diya, L. & Declerck,
D. (2010). Factors That Influence Data Quality in Caries Experience Detec-
tion: A Multilevel Modeling Approach. Caries Research, 44(5), 438–444.
doi: 10.1159/000319539

Van den Heede, K., Simoens, S., Diya, L., Lesaffre, E., Vleugels, A.
& Sermeus, W. (2010). Increasing nurse staffing levels in Belgian cardiac
surgery centres: a cost-effective patient safety intervention? Journal of Ad-
vanced Nursing, 66(6), 1291–1296. doi: 10.1111/j.1365-2648.2010.05307.x

Diya, L., Lesaffre, E., Van den Heede, K., Sermeus, W. & Vleugels,
A. (2010). Establishing the relationship between nurse staffing and hospital
mortality using a clustered discrete-time logistic model. Statistics in Medicine,
29(7-8), 778–785. doi: 10.1002/sim.3756

Vanhaecht, K., Bellemans, J., De Witte, K., Diya, L., Lesaffre, E. &
Sermeus, W. (2010). Does the organization of care processes affect outcomes
in patients undergoing total joint replacement?. Journal of Evaluation in
Clinical Practice, 16(1), 121–128. doi: 10.1111/j.1365-2753.2009.01130.x

Van den Heede, K., Sermeus, W., Diya, L., Clarke, S., Lesaffre, E.,
Vleugels, A. & Aiken, L. (2009). Nurse staffing and patient outcomes in
Belgian acute hospitals: Cross-sectional analysis of administrative data. Inter-
national Journal of Nursing Studies, 46(7), 928–939. doi:10.1016/j.ijnurstu.2008.05.007

Van den Heede, K., Lesaffre, E., Diya, L., Vleugels, A., Clarke, S.,
Aiken, L. & Sermeus, W. (2009). The relationship between inpatient
cardiac surgery mortality and nurse numbers and educational level: analysis



123

of administrative data. International Journal of Nursing Studies, 46(6), 796–
803. doi:10.1016/ j.ijnurstu.2008.12.018

Bruyneel, L., Van den Heede, K., Diya, L., Aiken, L. & Sermeus, W.
(2009). Predictive validity of the International Hospital Outcomes Study
questionnaire: an RN4CAST pilot study. Journal of Nursing Scholarship,
41(2), 202–210. doi: 10.1111/j.1547-5069.2009.01272.x

Van den Heede, K., Diya, L., Lesaffre, E., Vleugels, A. & Sermeus,
W. (2008). Benchmarking nurse staffing levels: the development of a na-
tionwide feedback tool. Journal of Advanced Nursing, 63(6), 607–618. doi:
10.1111/j.1365-2648.2008.04724.x

Sermeus, W., Delesie, L., Van den Heede, K., Diya, L. & Lesaffre, E.
(2008). Measuring the intensity of nursing care: Making use of the Belgian
Nursing Minimum Data Set. International Journal of Nursing Studies, 45(7),
1011–1021. doi:10.1016/j.ijnurstu.2007.05.006

Van den Heede, K., Sermeus, W., Diya, L., Lesaffre, E. & Vleugels, A.
(2006). Adverse outcomes in Belgian acute hospitals: retrospective analysis
of the national hospital discharge dataset. International Journal for Quality
in Health Care, 18(3), 211–219. doi: 10.1093/intqhc/mzl003


