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Abstract 
 
 
 
 
Background: Healthcare associated infections (HCAIs) are considered to be the most frequent 
adverse event that threatens patients’ safety worldwide. A great deal of work has been carried out 
looking to improve surveillance, control and prevention of HCAIs within the NHS and health systems 
worldwide. Like in other research settings, an understanding of the localised environment is critical 
to understand its potential effect on disease dynamics. Numerous techniques, not yet exploited 
within healthcare settings, have been developed to quantify this environmental impact. 
 
Aim: To examine how integration of spatial epidemiology and modelling could improve the 
understanding of how hospital design may affect healthcare associated infection dynamics and 
patient safety, allowing improvement of HCAI investigations within the NHS. 
 
Methods: This thesis made use of data from Imperial College Healthcare NHS Trust, including 
hospital floorplans, information on patient transfers, laboratory tests and traditional infection 
surveillance data. A literature review was carried out to identify limitations in the application of 
spatial epidemiology within healthcare settings. Geographical Information Systems (GIS), graph-
mining and network modelling were applied to analyse existing datasets, leading to the production 
of ward maps and networks. 
 
Results: 
 
The key findings of the work were numerous. Digitalisation of ward maps allows for wider 
dissemination of this data to infection control teams and other researchers to aid in investigations. 
Certain ward characteristics appear associated with increased numbers of infections and the physical 
layout of the ward showed relations between ward subgraphs and infection risk in both positive and 
negative manners.  
Network modelling allowed visualisation and analysis of patient movements within and between 
hospitals. Allowed identification of how wards are linked and specifically which wards merge 
departments/specialities and link patient populations. Identifiable control points allowed for greater 
understanding of the ward network and this was shown to help with response and planning for 
extreme or emergency situations. 
 
Conclusion: These techniques, whilst commonly used in other areas, have been underutilised within 
healthcare and have within this thesis been shown to extract greater information from pre-existing 
data. The work identified numerous ways existing datasets can be further explored to help 
researchers; whilst also providing outputs that can help day to day work, such as ward maps.  
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Chapter 1: Introduction, Hypothesis, Aims, Objectives and 

Overview 

 

1.1 Healthcare Associated Infections and Hospital Environments 

 

Healthcare associated infections (HCAIs) are defined by the World Health Organisation (WHO) as, 

“an infection occurring in a patient during the process of care in a hospital or other health care 

facility which was not present or incubating at the time of admission”.(1) They are considered to be 

the most frequent adverse event that threatens patients’ safety worldwide(2) and the term can 

include any organism that develops within healthcare settings. 

 

Official definitions for cases of HCAIs are classified based on temporal thresholds or conditions that 

separate them from those that have been acquired within the community. In the UK, if a patient has 

been hospitalised for over 72 hours prior to their onset of symptoms or diagnosis, the infection is 

considered to be healthcare associated or attributable. This classification is also made for patients 

that have been re-admitted to a hospital within a specified time period of a previous hospital stay, 

with the required time period varying by target organism (e.g., a patient has been admitted (or 

develops symptoms within two days) with Clostridium difficile infection (CDI) less than 28 days from 

a previous discharge from the same or another acute care hospital).(3) These standard thresholds and 

conditions are used regularly throughout the National Health Service (NHS); however there have 

been numerous discussions as to their appropriateness and base evidence.  

 

For true HCAIs (i.e., those that are acquired due to hospital care), there are numerous potential 

modes of transmission that can be exacerbated by medical procedures, and procedures often 

provide opportunities for organisms to gain access directly inside a patient’s body, for example 

vascular catheters and surgical procedures. The potential modes of transmission of or inoculation 

with nosocomial pathogens observed within healthcare settings are: 

• contact with fomites, contaminated environment or hands (4) 

• airborne transmission  

• accidental nosocomial inoculation during or post invasive procedures  
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• contamination of food or water sources  

• exposure to contaminated blood or other fluids during procedures, i.e. transfusions 

• shedding of HCAIs by Healthcare workers 

 

In this thesis, I focus on organisms that are transmitted via the human to human and environmental 

or fomite contact, as these can be strongly influenced by the ward layout and environment. The 

physical layout of a ward has a significant effect on how people move around a ward and therefore 

how they come into contact with patients and healthcare workers. The best example of this is a 

comparison between a multi-bed bay, in which patients are located in bed areas close to other 

patients, and single bed rooms. The interaction levels and contact rates between patients, 

healthcare workers and other patients will vary greatly between these two extreme ward layouts. 

Whilst this segregation of patients may decrease direct contact transmission, it is unclear as to how 

much effect this has on indirect contact through contaminated surfaces and unwashed hands or 

equipment. Environmental contamination could play a significant role in the spread of HCAIs, 

especially those that are associated with transmission by faecal-oral route.  

 

The best examples of the potential importance of environmental contamination of microorganisms 

transmitted by the oral-faecal route are Clostridium difficile and norovirus infection. Both infections 

have been attributed to serious consequences among patients. 92.7% of C.difficile deaths in England 

occurred in NHS hospitals in England and Wales, accounting for nearly 2% of all hospitals deaths 

between 2006-2010.(5) While expression of C.difficile infection symptoms often occurs in response to 

administration of certain antibiotics (such as Penicillins and Cephalosporins), this does not explain 

why sporadic cases often proliferate into outbreaks within hospitals. Similarly, norovirus infection 

results in fewer fatalities than C. difficile, but potentially greater economic costs in terms of 

increased hospital stays and bed closures. With both of these infections, symptomatic patients have 

been shown to heavily contaminate the surrounding environment and C. difficile spores and 

noroviruses can persist for several months on surfaces if not properly cleaned. Other HCAIs my 

persist in the environment due to other factors, for example unknown carriage and shedding of 

MRSA by HCWs and pseudomonas or legionella in water supplies that subsequently contaminate 

sinks in ward areas. 
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Persistence of organisms on ward surfaces has been described by numerous studies and nosocomial 

transmission is likely to be strongly influenced by the layout of the wards and the overall hospital 

environment.(4) Potential investigations attempting to understand the transmission dynamics of 

HCAIs should take this into account. However, incorporating this information in investigations can be 

complicated as data on ward layout and environmental contamination are not routinely collected or 

readily available to researchers. As with most epidemiological studies, a sound understanding of the 

study environment is critical to allow correct design of studies and analysis of results. 

 

1.2 Data Available in Healthcare Settings 

 

A wide range of data on ward environments, activities and infections are available within healthcare 

settings but are often overlooked. Electronic hospital databases provide a wealth of information that 

could be used in the investigation of HCAIs. The databases largely fall under three categories; 

routine administrative data, active surveillance data and mandatory surveillance data. Further to 

these are other electronic data that are underutilised such as Estates data (e.g. ward layout, 

renovations) and operational data, such as cleaning records. 

Routine administrative data in the NHS includes hospital databases that contain information 

collected and stored routinely as part of the everyday running of the hospital, including patient 

admissions and discharge details and summaries, pathology investigation results, patient movement, 

estates and finances. As these databases are used for day-to-day hospital operations, they are not 

structured for research and may not contain all of the data desired for a study. Hospitals also have 

some active and point-prevalence surveillance data that are collated to report the incidence and 

prevalence of infections, to provide information on temporal trends and to report outbreaks. This 

category is more resource intensive as it requires active collection of data and regular reporting of 

information to health authorities. Finally a small group of HCAIs, including Clostridium difficile and 

Methicillin-resistant Staphylococcus aureus (MRSA) bacteraemias, are covered by mandatory 

surveillance in the NHS and are reported by all Trusts for public viewing. 

This wide range of data sources are fed into hospital databases and often lay unused unless they 

contain information on a reportable disease or are used for an audit. In outbreak investigations 

clinicians often collect extra data without applying routinely collected data, largely because these 

data are not easily accessible. But these databases could represent an underutilised source of 

complex epidemiological and clinical data that could be exploited for research purposes. Hospitals 
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are beginning to adopt fully integrated electronic records systems, which will support the clinical 

information, however estates, staffing and finance data are likely to remain unlinked. 

 

1.3 Utilising Established Analytical Techniques 

 

1.3.1 Spatial Epidemiology 

 

This project offers a unique opportunity to utilise techniques that are well established in geography 

and epidemiology and combine these with existing data sources within the Imperial College 

Healthcare NHS Trust (ICHNT) to produce a new method of identifying, preventing and controlling 

nosocomial infections, which has not previously been used within the NHS. 

In-depth examination of infectious events across time and space is not new. In 1854, John Snow 

utilised spatial and temporal epidemiology to identify clustering of cholera cases in London using 

basic dot maps. His findings lead to one of the most effective Vibrio cholera interventions of the 

time, removal of the Broad Street pump handle, eliminating the source of the waterborne 

transmission.(6) Since Snow’s time, tools used for spatial and temporal mapping have evolved 

alongside advances in computing with modern epidemiologists borrowing software from Geography, 

such as Geographical Information Systems (GIS), to map and investigate the spread of diseases 

across time and space.(7) GIS are computer-based programmes that are designed to combine 

cartography, statistical analysis, and database technology to assist in temporal/spatial analysis.(8)  

Mapping enables large amounts of complex information, to be converted into a format providing a 

visual display of data across time/space.(9) Hospitals in Germany and the United States (US) have 

already developed their own GIS-based systems for infection control,(10) which incorporate real-time 

laboratory data with patient locations in a 3D interactive interface (11) to enable quick processing and 

presentation of information on a temporal-spatial assessment. However, few research studies have 

been carried out to evaluate the potential for the integration of spatial analysis and GIS into specific 

studies of infectious disease dynamics within healthcare settings. 

 

1.3.2 Mathematical Modelling 
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Mathematical models are descriptions of a system using mathematical concepts and language, and 

within public health they are widely used to understand the transmission dynamics of infections. 

These large-scale models allow governments and researchers to evaluate the potential impact of 

control interventions in reducing morbidity and/or mortality caused by a wide range of infectious 

agents. This style of modelling, for example, was used a great deal in the UK during and post the 

swine flu pandemic in 2009 to evaluate the extent of ongoing transmission and assess any potential 

impact of interventions such as school closures and vaccination may have had.(12) This field however 

encompasses many styles of models and, within this thesis, I utilise two quite contrasting 

techniques- graph mining and network modelling. Each of these methodologies are introduced and 

discussed in greater detail in the relevant chapters relating to their application in healthcare settings 

within this project. 

  

1.4 The Study Context 

 

This study was carried out in the ICHNT, which is one of the largest NHS Trusts in England. The Trust 

consists of five hospitals; three general hospitals (Hammersmith, Charing Cross, St. Mary’s) and two 

specialist hospitals (Queen Charlotte’s, maternity and NICU and the Western Eye Hospital, specialty 

ophthalmological surgery and care). It was the first Academic Health Science Centre in the UK with 

an aim to increase partnership between healthcare research to support translational medicine. 

ICHNT has 1,540 beds and the Trust treats approximately one million patients every year. The five 

hospitals have not historically been part of the same NHS Trust, with St. Mary’s hospital merging in 

October of 2007. This Trust provides a complex setting in which this project took place, however it 

exhibits a wide range of variation in ward design and age of construction that benefits the study. 

ICHNT has been under pressure, as have most NHS Trusts, to decrease their operating costs whilst 

maintaining high standards of care, including decreasing waiting times and reportable HCAIs. In 

2011/12, the Trust implemented significant cost savings worth £45.6 million and plan to increase 

these savings in the future.(13) These constraints have led to annually reducing the budget for both 

supplies and staffing and the Trust continues to look for novel ways to save costs that will not have 

negative impacts on patient care. The work carried out within this project has aimed to evaluate 

novel ways to investigate HCAIs, which have been estimated to cost the NHS £1 billion every year,(14) 

and provide evidence for increased prevention and control, that could lead to significant cost 

savings.  
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1.5 Hypothesis 

 

The overarching hypothesis for this study is that the use of novel epidemiological and modelling 

techniques will allow for identification of previously unobserved influencers on the spread of HCAIs 

and highlight further operational factors that affect patient safety. Understanding the impact of 

hospital layout and design will improve infection control, as well as, the quality of research within 

the hospitals by increasing knowledge of the study sites. 

 

1.6 Aims and Objectives 

 

The main aim of this project was to examine how spatial epidemiology and modelling could improve 

HCAI investigation and prevention of infections within the NHS using pre-existing data within 

electronic hospital systems. In order to achieve this aim, a number of objectives were identified and 

addressed throughout the duration of the project. The objectives were to: 

• determine the previous use of spatial-temporal analyses for identifying and preventing HCAI 

transmission in healthcare settings and to highlight potential opportunities for expanding 

the use of such techniques within primary care. 

• convert existing floor plans of the hospitals into digital maps for utilisation by clinicians and 

researchers and to provide rapid evaluations of ward characteristics and shape. 

• apply graph-mining techniques to examine the importance of ward layout on incidence of 

nosocomial infections and identify significant ward sub-structures.  

• investigate the connectivity of wards within the trust allowing greater understanding of 

patient flow and how this can be managed to minimise overlap between patient 

populations. 

 

1.7 Thesis Overview 

 

This thesis consists of six subsequent chapters; each structured with a brief background, aim, 

methods, results and a brief summary. Chapter two does not follow this structure as it focuses on 

methodology used in this thesis, while chapter seven is a final summary discussion of the thesis. 
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There are four main parts of this thesis comprising 7 chapters. This is the first chapter and part 1 

(Figure1.0). Part two consists of two chapters focusing on previous temporal-spatial applications in 

healthcare settings (chapter 2) and methods used to map wards (chapter 3). Part three consists of 

three chapters focusing on the application of varied analytical techniques and the ward maps to 

analyse these data against HCAIs that are mostly derived from pre-existing electronic data. Part four 

is the final summative discussion of all the work within this thesis. 

 

Figure 1.0: PhD Flowchart 

 

Chapter two is a literature review on the utilisation of data and application of spatial and temporal 

analyses to investigate infectious diseases in healthcare settings. This review identified gaps in how 

analyses are incorporated into infection control and highlighted potential uses in this project and 

was published in the Journal of Hospital Infection in 2014 and has been cited 15 times.  

Chapter three focuses on the methodology of creating three-dimensional maps of hospital buildings 

from two-dimensional floor plans. This chapter describes the steps involved, data sources utilised 

and issues identified during development. This work provides the background for chapters six and 

seven, which apply the maps to analyse the spatio-temporal distribution of different organisms 

across the hospitals.  

In the analytical chapters, I demonstrate a number of ways in which novel spatio-temporal analyses 

and modelling techniques can be utilised in healthcare settings. Chapter four provides an 

introduction to the issues that are involved with carrying out research in a hospital setting and 

provides a deep background to the hospital environment which is analysed in the next chapters. It is 

split into two sections focusing on separate themes with the first section describing the work 

involved in capturing information on the ever-changing ward list and the data sources used. The 
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second section investigates the heterogeneity of ward design and provides summaries of variation in 

key characteristics and ward shape and how this can have an impact.  

Chapter five reports on the application of graph-mining techniques to investigate the impact of ward 

layout and design on the incidence of nosocomial infections. Chapter six reports on the utility of 

network modelling to understand the connectivity of wards and the flow of patients through and 

between the hospitals to better understand population movement.  

Finally, in chapter seven I summarise the project results and discuss the limitations and challenges 

that my PhD has highlighted. I also provide recommendations for further research and suggest ways 

in which these techniques can be used to influence the design of both wards and infection control 

policies.   

This project utilises existing data sources coupled with analytical techniques that are well established 

within other fields to provide an innovative way to address the issue of HCAIs. This has the potential 

to highlight areas which can be re-organised to reduce a serious problem within the NHS and 

influence future design protocols, whilst also providing a tool for more detailed investigation into 

the transmission dynamics of nosocomial infections. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



21 
 

Chapter 2: The Application of Spatial and Temporal Analyses to 

Investigate Infectious Disease Transmission within Healthcare 

Settings 

 

Summary 

This chapter investigates the application of spatial and temporal analyses within healthcare settings, 

looking at both the background and evolution of commonly utilised techniques and newer emerging 

methodologies. Information for this chapter was gathered in a systematic review of the literature 

focusing on spatial temporal examination of infectious diseases in healthcare settings and it was 

subsequently published in the Journal of Hospital Infection (Appendix 1). Double, independent 

review of abstracts and full texts was conducted to determine inclusion of papers. The broad search 

allowed for a detailed discussion of a range of study types and methodologies. In total, 146 papers 

met the inclusion criteria. There was considerable variation in the use of data, with surprisingly few 

studies (n=22) using spatial-temporal specific analyses to extend knowledge of healthcare associated 

infection (HCAI) transmission dynamics. The remaining 124 studies were descriptive; however a 

modest increase in the application of statistical analyses has occurred in recent years.  

The findings of this chapter suggest that incorporation of spatial-temporal analysis has been limited 

in healthcare settings with only 15% of studies including any such analysis. Analytical studies 

provided greater data on transmission dynamics and effective control interventions than those 

without spatial-temporal analyses. This variation advocates for greater integration of spatial-

temporal techniques into HCAI investigations, as even simple analyses provide significant 

improvements in the understanding of prevention over simple descriptive summaries. 

 

2.0 Background 

This thesis focusses on the utilisation of mapping and spatial-temporal analysis in healthcare settings 

in order to develop a better understanding of how the environment and movement of people 

influences disease transmission dynamics with the ultimate goal of more effective HCAI prevention.  

This chapter outlines the range of techniques used in previous studies and the evolution of 

investigations from basic epidemiological studies to those undertaking analytical approaches. This 

encompasses a wide array of molecular techniques, such as multi locus sequence typing (MLST), and 

advanced statistical analyses, i.e. autoregressive integrated moving average (ARIMA) time series. 
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This allowed the current project to be put into context within the wider subject area of 

investigations into HCAI epidemiology and transmission dynamics. 

HCAIs are problematic worldwide with a recent report by the WHO estimating hospital-wide 

prevalence in high-income countries at 7.6%(1). In addition to causing significant, yet preventable, 

morbidity and mortality,(2) in countries with centrally-funded and managed healthcare systems, such 

as the UK National Health Service (NHS), HCAIs increase waiting times and reduce availability of 

resources to provide care to the entire population.(15)  

HCAIs present a unique challenge as active transmission is often only identified after numerous 

patients have been infected. Additionally, the wide range of HCAI facilitators (e.g., procedures(16), 

environment(17) and increasingly susceptible patients(18) complicate transmission dynamics, making 

prospective identification and control exceedingly difficult. When multiple cases of an infection 

occur within a hospital, it is difficult to differentiate a true nosocomial transmission from unrelated 

cases and cohorting patients by risk group may lead to assumptions of a common source, but 

molecular analyses often demonstrate lack of transmission.(19) Sophisticated spatial-temporal 

analyses can be used to statistically confirm clustering over time and/or space, which would increase 

our confidence in assuming the relatedness of cases. These methods can also be used to control for 

the effects of cohorting and other patient characteristics that may give the impression of clustering 

or transmission when it has not occurred. This in turn would provide better information on where 

interventions could most effectively be targeted and when or where to anticipate outbreaks.  

To extend our understanding of spatial-temporal clustering and transmission further, researchers 

are now using Geographical Information Systems (GIS) in a range of ecological investigations of 

disease(20) and to determine whether there is a spatial association between disease risk and 

environmental pollution.(21) Using similar techniques to create hospital maps, on which infection 

data can be displayed and analysed, could profoundly increase our understanding of local 

transmission and risk(22) and provide rapid dissemination of information through visualisation.(23)  

With healthcare systems worldwide under pressure to improve patient safety whilst cutting costs, 

utilising the existing infrastructure of routinely collected data within healthcare settings, which are 

often overlooked for HCAI investigation and research(24) is an innovative solution. Frequently, 

investigations of HCAIs provide a basic epidemiological description of cases over time by providing 

an epidemic curve or showing how cases are distributed across wards by using a diagram. However, 

hospital databases contain laboratory results, building management data and floor plans, and 

information on patient admissions and movement that could easily be incorporated into more 

detailed analyses to improve the understanding of local HCAI dynamics. Utilising interdisciplinary 
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tools may increase our ability to prospectively identify transmission events and implement more 

effective and efficient preventive measures.(25)  

 

2.1 Aim and Objectives 

The aim of this chapter was to determine the level of utilisation of spatial-temporal analyses for 

identifying and preventing HCAI transmission through a systematic review of the literature. The 

objectives were to 1) determine what techniques are currently used, 2) ascertain the limitations of 

current studies and 3) provide recommendations for how best to expand the use of GIS and spatio-

temporal analyses within healthcare settings. 

 

2.2 Methods 

In order to address the aim of this chapter, I performed a systematic review of the literature 

on spatial-temporal studies of infectious diseases in healthcare settings. The search strategy 

included the following search terms and databases:  

• Search Terms: 

o Infection (e.g. HCAI, nosocomial, outbreak, etc.) 

o Healthcare Settings (e.g. hospital, intensive care, etc.) 

o Time/Space (e.g. space-time, spatial epidemiology, GIS, etc.) 

o Potential synonyms for each search term were identified and combined using 

Boolean operators. 

• Databases Searched:  

o BIOSIS 

o Cochrane Review 

o CSA  

o DARE  

o Embase  

o HEED  

o JSTOR  

o PubMed  

o Science Direct 

o Web of Science 
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o Searched for all indexed publications.  

 

Additionally, Google Scholar was searched for both indexed and grey literature using the above 

search terms. All papers, reports, abstracts, and letters were included in the initial search.  

 

Inclusion/Exclusion Criteria 

Inclusion/exclusion was conducted in two stages: abstract/title review and full text review. Double, 

independent review of all identified titles/abstracts was conducted to ensure reliability in full text 

retrieval. Papers were retrieved if they mentioned time or space in the abstract or no abstract was 

provided and the title did not provide enough information to assess inclusion.  

Full text papers were double reviewed by myself and Dr Lydia Drumright and included if they were a) 

between 1961 and 2013, b) written in English, c) examined potential transmission in greater than 

three patients; d) provided more than a simple report of cases over time periods of greater than 

three months (i.e., not routine national surveillance reports); and e) included time/space as a 

specific aim or major discussion point of paper, rather than simply mentioning it in the results. Any 

papers of which the reviewers did not agree were discussed and a consensus was reached. 

 

Data Extraction 

Methodologies of all included papers were reviewed and categorised into either descriptive or 

analytic studies of an infectious disease over time/space and further ‘subtyped’ based on the data 

and analyses employed. Descriptive studies were classified as ‘case reporting’ if temporal or spatial 

data was used purely for an overview, i.e. an epidemic curve. ‘Basic descriptive epidemiology’ 

studies examined how the cases were linked, by describing their locality in time and/or space and 

possible exposure events, but did not use statistical methods to determine if they were linked. ‘Basic 

descriptive epidemiology with molecular data’ studies focused on the genetic diversity of the 

organisms, including a description of the distribution of the strains in space and/or time, but did not 

include any analyses. ‘Statistical spatial-temporal analysis’ analytic studies used statistical methods 

to develop a greater understanding HCAI distribution in time or space. Analytic papers were 

classified as ‘Statistical spatial-temporal analysis with molecular data’ if they combined molecular 

data with statistical analyses to investigate the dissemination of strains across time or space. 

‘Spatial-temporal analysis using GIS’ included studies that utilised GIS to view and analyse infections 

within hospital settings. Findings were synthesised to better understand the variation in the utility of 
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spatial-temporal analysis on infectious diseases in healthcare settings. Meta-analysis was considered 

but deemed not feasible due to the heterogeneity of research designs and outcome measures – 

hence the findings were qualitatively synthesized.  

 

2.3 Results 

35,482 individual titles/abstracts were identified during the literature search (Figure 2.0).  Of these, 

584 met inclusion criteria for full text retrieval. Four of the included papers were not available. 580 

full text papers were reviewed and 146 met inclusion criteria and were included in the review. Most 

of those excluded studies did not sufficiently meet temporal spatial criteria; 171 provided spatial-

temporal results, but no discussion of this information, as it was not the focus of the paper. Others 

examined annual trends, were case studies or review papers, or focused on non-healthcare settings. 

Six papers were excluded for being written in a language other than English. 

 

 

Figure 2.0: Flowchart of Article Inclusion 
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Characteristics of included studies  

Included studies were predominantly descriptive in their reporting of temporal-spatial data (84.9%) 

and varied greatly in aim encompassing a range of settings, populations and HCAIs. Half of all studies 

were carried out hospital-wide (53.4%), 41.8% (n=61) were carried out on specific wards, and only 

seven (4.8%) were based within nursing homes. The majority of papers were retrospective (71.9%), 

often utilising data to investigate outbreaks after the event had ended. Five (3.4%) papers combined 

retrospective analyses and prospective interventions to enhance surveillance, whilst the remaining 

25% were prospective. 

Numerous HCAIs were investigated with the most common group being bacteria (61.6%), such as 

methicillin-resistant Staphylococcus aureus (MRSA) (11.0%) and Clostridium difficile (9.6%). Papers 

focusing solely on viral or fungal infections made up 29% of studies, including Norovirus (2.7%), 

Severe Acute Respiratory Syndrome (2.7%) and Aspergillis spp. (6.8%). Among the 74 studies that 

included molecular analysis of microorganisms, 93% were descriptive and only 5 incorporated an 

element of spatial-temporal analyses. 

To enable clearer comparisons between the groups and to evaluate the variation in exploitation of 

clinical data, the study groups were further broken into 6 subtypes (Table 2.0). These are described 

in detail in the sections that follow. 

 

Table 2.0 Categories of studies identified in the review  

Study Type Study Subtype Number of Papers (%) 

Descriptive     (n=124; 84.9%) Case Reporting 29 (19.9)  

 Basic Descriptive Epidemiology 26 (17.8)  

 Basic Descriptive Epidemiology with Molecular Data 69 (47.3)  

Analytical     (n=22; 15.1%) Statistical Spatial-temporal Analysis  13 (8.9)  

 Statistical Spatial-temporal Analysis with Molecular Data 5 (3.4)  

 Spatial-temporal Analysis using GIS  4 (2.7)  

 

   

2.3.1 Descriptive Studies 

Case Reporting Studies 

Basic descriptions of time and space were common amongst included studies (19.9%, n=29) (Table 

2.1). Two thirds of these studies provided a retrospective temporal description of the incidence of 

cases over time, i.e. an epidemic curve. Many of these papers examined outbreaks(26-33) and 

evaluations of intervention strategies,(34-36) while others attempted to identify factors associated 
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with potential nosocomial transmission; i.e. healthcare worker (HCW) carriage,(37, 38) direct contact 

with cases,(39, 40) inadequate cleaning of medical equipment(41, 42) and the physical layout of hospital 

utilities.(43, 44) Only four described the spatial distribution of cases to show the impact of hospital 

renovations(45) or the distribution of cases across specialities,(27, 38, 45, 46) with the majority of papers 

describing the temporal trends in cases.(47, 48) Most case reporting studies examined bacteria 

(62.1%); however the most informative studies were those examining organisms, such as Aspergillus 

and Legionella, where environmental contamination was considered the primary risk factor due to 

their known modes of transmission.(26, 46, 49-53) 

 

Basic Descriptive Epidemiology 

Investigations that described the temporal or spatial distribution of cases were categorised as basic 

epidemiology (17.8% n=26) (Table 2.1). Ten (38.5%) studies provided a retrospective evaluation of 

the incidence of cases by assessing temporal links between patients, while 58% combined spatial 

and temporal elements to varying degrees in their evaluations. The main organisms considered were 

bacteria (46.0%); however the studies that evaluated Aspergillis spp. were the ones that focused 

most on spatial data. Indeed the only paper focused solely on the spatial element examined fungal 

contamination of the hospital environment.(54)  

Some studies combined infection information with building ‘schematics’ to explain the physical 

layout of the ward(55) or to display the location of patients.(56-64) However, these studies did not 

investigate the importance of the geographical distribution of cases, as has been highlighted in 

studies that have looked at the impact of construction on incidence of fungal infections.(54, 65-67) Nor 

did they assess the impact of transmission based on the environmental layout of the ward. In 

addition to evaluating the distribution of cases, some investigators used graphics to visualise the 

connections between cases(68) and attempted to identify possible clusters(69-73) or provide evidence 

of potential transmission.(74, 75)  However, the potential clusters identified were a purely time/space 

dependent concept rather than statistically evaluated.  

A number of papers used timelines to evaluate how cases might be linked(76-78) with Chen et al. 

visualising the spread of Severe Acute Respiratory Syndrome (SARS) within an emergency 

department.(79) By combining temporal data with patient locations, the researchers identified 

distinct “clusters” of cases, and by quarantining contacts of these individuals, prevented further 

dissemination of the disease. Whilst the outcome was positive, the assumed clusters were based 

purely on description of the patients’ locations at certain times and the lack of statistical analyses  
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Table 2.1 Characteristics of descriptive studies included in the review (n=124) 

Temporal/ 
Spatial Focus 

First Author Year Setting Organism Molecular Methods Aim Study Design 

Case Reporting 

Spatial Arnow, PM. 1978 Renal Ward Aspergillus N/A Describe Outbreak Retrospective 

Spatial Baird, SF. 2011 Haematology Ward Non-TB mycobacterium N/A Outbreak Investigation Retrospective 

Spatial Panwalker, AP. 1986 Whole Hospital M.gordonae N/A Describe IC Measures Retrospective 

Spatial Patterson, JE. 1998 Geriatric Ward Hib N/A Detect Clusters Retrospective 

Temporal Addiss, DG. 1991 Nursing Home B.pertussis N/A Describe Outbreak Retrospective 

Temporal Alonso-Echanove, J. 2001 Whole Hospital M.tuberculosis N/A Describe Outbreak Retrospective 

Temporal Arnow, PM. 1991 Whole Hospital Aspergillus N/A Assess Environmental Contamination Prospective 

Temporal Arnow, PM. 1998 Haematology Ward Bloodstream infection N/A Describe Outbreak Retrospective 

Temporal Arnow, PM. 1982 Whole Hospital L.pneumophila N/A Describe Outbreak Retrospective 

Temporal Bayat, A. 2003 Intensive Care Unit Multiple N/A Describe Outbreak Retrospective 

Temporal Belani, A. 1986 Paediatric Ward S.aureus N/A Describe Outbreak Retrospective 

Temporal Bonilla, HF. 1997 Whole Hospital VRE N/A Describe Incidence Prospective 

Temporal Cartmill, TDI. 1994 Haematology Ward C.difficile N/A Describe Impact of IC Measures Prospective 

Temporal Emont, SL. 1993 Nursing Home Gastroenteritis N/A Describe Incidence Retrospective 

Temporal Fourneret-Vivier, A. 2006 Whole Hospital Aspergillus N/A Describe Incidence Prospective 

Temporal Fowler, S.L. 1998 Paediatric Ward C.lusitaniae N/A Describe Transmission Retrospective 

Temporal Haley, CE. 1979 Whole Hospital L.pneumophila N/A Outbreak Investigation Both 

Temporal Klimowski, LL. 1989 Whole Hospital Aspergillus N/A Describe Incidence Retrospective 

Temporal Lai, KK. 1998 Whole Hospital VRE N/A Assess Impact of IC Measures Prospective 

Temporal Larson, JL. 2003 Whole Hospital M.tuberculosis N/A Outbreak Investigation Retrospective 

Temporal Ofner-Agostini, M. 2006 Multiple Hospitals SARS N/A Review IC Policies Retrospective 

Temporal Pegues, CF. 2001 Whole Hospital Aspergillus N/A Describe Incidence Retrospective 

Temporal&Spatial Abulrahi, HA. 1997 Whole Hospital P.falciparum N/A Determine transmission route Prospective 

Temporal&Spatial Davies, BI. 1999 Whole Hospital S.pyogenes N/A Outbreak Investigation Retrospective 

Temporal&Spatial Deutscher, M. 2011 Whole Hospital Group A Streptococcus N/A Identify Risk Factors Retrospective 
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Temporal&Spatial Helms, CM. 1983 Whole Hospital L.pneumophila N/A Outbreak Investigation Retrospective 

Temporal&Spatial MacDonald, KS. 1993 Whole Hospital C.difficile N/A Describe Incidence Retrospective 

Temporal&Spatial McGrath,EJ. 2011 Paediatric Ward Acinetobacter N/A Determine transmission route Retrospective 

Temporal&Spatial Wang,H. 2013 Whole Hospital L.monocytogenes N/A Describe Clinical Outcomes Retrospective 

Basic Descriptive Epidemiology 

Spatial Lentino, JR. 1982 Whole Hospital Aspergillus N/A Detect clusters Retrospective 

Temporal Bowen, KE. 1995 Whole Hospital C.difficile N/A Describe Incidence Retrospective 

Temporal Buchbinder, N. 2011 Paediatric Ward Influenza A (H1N1)  N/A Describe Impact of IC Measures Retrospective 

Temporal Burney, MI. 1980 Whole Hospital CCHF N/A Outbreak Investigation Retrospective 

Temporal Burwen, DR. 2001 Paediatric Ward Aspergillus N/A Outbreak Investigation Retrospective 

Temporal Degail, MA. 2012 Whole Hospital Human metapneumovirus N/A Outbreak Investigation Retrospective 

Temporal Fretz, R. 2009 Whole Hospital Norovirus N/A Outbreak Investigation Retrospective 

Temporal Gastmeier, P. 2003 Paediatric Ward K.pneumoniae N/A Describe a cluster of cases Prospective 

Temporal Gomersall, CD. 2006 Intensive Care Unit SARS N/A Describe Incidence Prospective 

Temporal Kaplan,  JE. 1982 Nursing Home Norovirus N/A Evaluate Transmission Retrospective 

Temporal Kimura, AC. 2005 Paediatric Ward R.pickettii N/A Outbreak Investigation Retrospective 

Temporal&Spatial Alam, NK. 2005 Whole Hospital S.enterica N/A Describe Cluster Retrospective 

Temporal&Spatial Auerbach, SB. 1992 Nursing Home Group A Streptococcus N/A Outbreak Investigation Retrospective 

Temporal&Spatial Barrett, SP. 1988 Whole Hospital MRSA N/A Describe Incidence Retrospective 

Temporal&Spatial Bitar, CM. 1987 Whole Hospital MRSA N/A Describe Outbreak Retrospective 

Temporal&Spatial Chen, YC. 2004 A&E SARS N/A Outbreak Investigation Retrospective 

Temporal&Spatial Faustini, A. 2004 Whole Hospital Necrotising enterocolitis N/A Outbreak Investigation Retrospective 

Temporal&Spatial Foulke, GE. 1989 Intensive Care Unit C.difficile N/A Describe Use of IC Measures Retrospective 

Temporal&Spatial Goldmann, DA. 1981 Paediatric Ward Multiple N/A Describe Outbreak Prospective 

Temporal&Spatial Lai, KK. 2001 Transplant Ward Aspergillus N/A Detect clusters Retrospective 

Temporal&Spatial Mody, LR. 2001 Whole Hospital C.difficile N/A Describe Incidence Prospective 

Temporal&Spatial Pavlov, I. 2009 Whole Hospital C.difficile N/A Detect Clusters Retrospective 

Temporal&Spatial Pegues, DA. 1993 Nursing Home Gastroenteritis N/A Outbreak Investigation Retrospective 

Temporal&Spatial Strabelli, TMV. 2006 Paediatric Ward E.faecalis N/A Detect clusters Retrospective 

Temporal&Spatial Turcios-Ruiz, RM. 2008 Paediatric Ward Norovirus N/A Outbreak Investigation Retrospective 
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Temporal&Spatial Warren, D. 1989 Whole Hospital Keratoconjunctivitis N/A Outbreak Investigation Retrospective 

Basic Descriptive Epidemiology with Molecular Data 

Spatial Abdallah, IM. 2006 Whole Hospital Multiple RAPD Investigate Strain Distribution Retrospective 

Spatial Aita, J. 1996 Whole Hospital M.tuberculosis RFLP Outbreak Investigation Retrospective 

Spatial 
Hoefnagels-

Schuerman, A. 
1997 Whole Hospital MRSA PFGE Outbreak Investigation Prospective 

Spatial Katsoulidou, A. 1999 Haematology Ward Hepatitis C Virus PCR Outbreak Investigation Retrospective 

Spatial Pegues, DA. 2002 Intensive Care Unit Aspergillus RFLP Detect Clusters Retrospective 

Spatial Vazquez, JA. 1993 Whole Hospital C.albicans REA Investigate Strain Distribution Prospective 

Spatial Venezia, R.A. 1994 Intensive Care Unit L.pneumophila PFGE Identify Source Retrospective 

Spatial Witte, W. 2001 Multiple Hospitals MRSA PCR Investigate Strain Distribution Prospective 

Spatial Zervos, MJ. 1987 Whole Hospital S.faecalis Plasmid Typing Describe Incidence Prospective 

Temporal Adachi, JA. 2009 Intensive Care Unit P.aeruginosa PFGE Assess Impact of Mol Typing Retrospective 

Temporal Adams, G. 1981 Paediatric Ward Herpes simplex virus 1 REF Describe Outbreak Retrospective 

Temporal Alfieri, N. 1999 Intensive Care Unit S.maltophilia RFLP Outbreak Investigation Both 

Temporal Allander, T. 1995 Haematology Ward Hepatitis C Virus PCR/NASeq Detect Clusters Retrospective 

Temporal Assadian, O. 2002 Paediatric Ward S.marcescens PCR Describe Outbreak Retrospective 

Temporal Aumeran, C. 2008 Whole Hospital VRE PFGE Describe Use of IC Measures Prospective 

Temporal Baddour, LM. 1999 Whole Hospital E.faecium CHEF Describe Outbreak Retrospective 

Temporal Belmares, J. 2009 Whole Hospital C.difficile REA Describe Incidence Retrospective 

Temporal Ben Abdeljelil, J. 2011 Paediatric Ward C.albicans PFGE Investigate Strain Distribution Retrospective 

Temporal Ben Abdeljelil, J. 2012 Paediatric Ward C.albicans PFGE Outbreak Investigation Retrospective 

Temporal 
Brillowska-

Dabrowska, A. 
2009 Haematology Ward C.parasilosis RAPD Assess Impact of Mol Typing Retrospective 

Temporal DavinRegli, A. 1996 Intensive Care Unit E.aerogenes RAPD Outbreak Investigation Prospective 

Temporal Eyre, DW. 2012 Multiple Hospitals C.difficile/MRSA SNV analysis Outbreak Investigation Retrospective 

Temporal Falk, PS. 2000 Burns Ward VRE PFGE Outbreak Investigation Retrospective 

Temporal Geis, S. 2013 Haematology Ward Respiratory syncytial virus RT-PCR Outbreak Investigation Retrospective 

Temporal Gray, J. 2012 Paediatric Ward K.pneumoniae PFGE Detect Clusters Retrospective 

Temporal Harvala, H. 2012 Haematology Ward Parainfluenza type 3 RT-PCR Outbreak Investigation Retrospective 
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Temporal Helali, NE. 2005 Whole Hospital S.aureus PFGE Outbreak Investigation Both 

Temporal Helweg-Larsen, J. 1998 Whole Hospital P.carinii PCR Detect Clusters Retrospective 

Temporal Hong, K.B. 2012 Paediatric Ward A.baumannii MLST Outbreak Investigation Retrospective 

Temporal Kakis, A. 2002 Whole Hospital Group A Streptococcus 
M typing/ T 

agglutination 
Outbreak Investigation Retrospective 

Temporal Layton, MC. 1993 Dermatology Ward MRSA PFGE Detect Clusters Retrospective 

Temporal L'Ecuyer, PB. 1996 Multiple Hospitals S.seftenberg PFGE Outbreak Investigation Retrospective 

Temporal Le Gal, S. 2012 Renal Ward Pneumocystis spp. RFLP Detect Clusters Retrospective 

Temporal Loudon, KW. 1994 Haematology Ward A.fumigatus RAPD Detect Clusters Retrospective 

Temporal McAdams, RM. 2008 Paediatric Ward MRSA PFGE Detect Clusters Retrospective 

Temporal McFarland, L.V. 1989 Whole Hospital C.difficile Immunoblot Describe Incidence Prospective 

Temporal Peta, M. 2006 Intensive Care Unit E.faecium PFGE Outbreak Investigation Both 

Temporal Rupp, ME. 2001 Paediatric Ward VRE PFGE Outbreak Investigation Prospective 

Temporal Sardan, YC. 2004 Whole Hospital K.oxytoca AP PCR Outbreak Investigation Retrospective 

Temporal Zoltanski, J. 2011 Paediatric Ward ARGNB PFGE Describe Incidence Prospective 

Temporal&Spatial Abb, J. 2004 Whole Hospital MRSA PFGE Investigate Strain Distribution Prospective 

Temporal&Spatial Abbo, A. 2005 Whole Hospital A.baumannii PFGE Describe Incidence Retrospective 

Temporal&Spatial Arnold, KE. 2006 Nursing Home Group A Streptococcus RFLP Outbreak Investigation Retrospective 

Temporal&Spatial Boyce, JM. 1993 Whole Hospital MRSA Plasmid Typing Assess Impact of IC Measures Retrospective 

Temporal&Spatial Byers, KE. 2001 Whole Hospital VRE PFGE Assess Impact of IC Measures Prospective 

Temporal&Spatial Carneiro, MAS. 2007 Haematology Ward Hepatitis C Virus RT-PCR Investigate Strain Distribution Prospective 

Temporal&Spatial Chen, LF. 2011 Haematology Ward Influenza A (H1N1) RT-PCR Outbreak Investigation Retrospective 

Temporal&Spatial Culebras, E. 2010 Whole Hospital A.baumannii RAPD Describe Outbreak Retrospective 

Temporal&Spatial Cuny,C. 1993 Whole Hospital MRSA Phage typing Outbreak Investigation Retrospective 

Temporal&Spatial Debast, SB. 1996 Intensive Care Unit A.baumannii PCR fingerprinting Outbreak Investigation Retrospective 

Temporal&Spatial Diab-Elschahawi, M. 2012 Intensive Care Unit C.parasilosis 
Microsatellite 
typing/repPCR 

Outbreak Investigation Prospective 

Temporal&Spatial Dijkshoorn, L. 1993 Intensive Care Unit Acinetobacter 
DNA-DNA 

hybridisation 
Investigate Strain Distribution Retrospective 

Temporal&Spatial Englund, JA. 1991 Whole Hospital Respiratory syncytial virus EIA Evaluate possible Transmission Prospective 

Temporal&Spatial Fawley, WN. 2001 Whole Hospital C.difficile RAPD Investigate Strain Distribution Prospective 



32 
 

Temporal&Spatial Ferroni, A. 1998 Whole Hospital P.aeruginosa PFGE Outbreak Investigation Retrospective 

Temporal&Spatial Fisher, GM. 1986 Whole Hospital Multiple Plasmid Typing Investigate Strain Distribution Retrospective 

Temporal&Spatial Graindorge, A. 2010 Intensive Care Unit B.cenocepacia RFLP Describe Outbreak Retrospective 

Temporal&Spatial Kassis, C. 2011 Whole Hospital MRSA PFGE Outbreak Investigation Retrospective 

Temporal&Spatial Kondili, LA. 2006 Renal Ward Hepatitis B/Hepatitis C PCR Outbreak Investigation Retrospective 

Temporal&Spatial Levidiotou, S.  2002 Intensive Care Unit A.baumannii RAPD Describe Outbreak Retrospective 

Temporal&Spatial Lin, YC. 2007 Paediatric Ward MRSA PFGE Assess HCW Carriage Retrospective 

Temporal&Spatial Lowe, C. 2012 Intensive Care Unit K.oxytoca PFGE Outbreak Investigation Retrospective 

Temporal&Spatial Lutz, BD 2003 Whole Hospital Aspergillus RAPD Detect Clusters Retrospective 

Temporal&Spatial Marx, A. 1999 Nursing Home Gastroenteritis RT-PCR Determine Trans Route Retrospective 

Temporal&Spatial Morter, S. 2011 Whole Hospital Norovirus 
Nucleic Acid Seq 

Analysis 
Outbreak Investigation Prospective 

Temporal&Spatial Traub, WH. 1998 Intensive Care Unit P.aeruginosa PFGE Investigate Strain Distribution Prospective 

Temporal&Spatial Widmer, AF. 1993 Intensive Care Unit P.aeruginosa CHEF Evaluate possible Transmission Retrospective 

Temporal&Spatial Xia, Y. 2012 Intensive Care Unit A.baumannii PCR Outbreak Investigation Retrospective 

Temporal&Spatial Yoon, YK. 2009 Paediatric Ward VRE PFGE Assess Impact of IC Measures Both 

 

N/A, not applicable; Hib, Haemophilus influenzae type B; VRE, vancomycin-resistant enterococci;  SARS, Severe Acute Respiratory Syndrome; CCHF, Crimean–Congo 

hemorrhagic fever; MRSA, methicillin-resistant Staphylococcus aureus; ARGNB, antibiotic-resistant Gram-negative bacteria; RAPD,  Random Amplification of Polymorphic 

DNA; RFLP, Restriction Fragment Length Polymorphism; PFGE, Pulsed-Field Gel Electrophoresis; AP-PCR, Arbitrarily Primed Polymerase Chain Reaction; CHEF, Clamped 

Homogeneous Electric Field Electrophoresis; EIA, Enzyme Immunoassay; MLST, Multi Locus Sequence Typing; PCR, Polymerase Chain Reaction; REA, Restriction 

Endonuclease Analysis; REF, restriction endonuclease fingerprinting; RT-PCR, Reverse Transcriptase Polymerase Chain Reaction. 
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meant that the clusters were not shown to be statistically significant. It must also be noted that 

clusters can be missed if investigators observe at a single location and do not allow for potential 

pathways of spread across the hospital. 

 

Basic Descriptive Epidemiology with Molecular Data 

Almost half of the descriptive studies incorporated molecular data (47.3%; n=69) (Table 2.1). 

Numerous studies combined spatial-temporal and molecular data to attempt to develop a better 

understanding of strain dissemination(80-92) or potential sources of outbreaks(93-96) within their 

institutions. Integration of molecular and temporal data enabled investigators to highlight potential 

links between patients and identify potential transmission events,(97-103) but with the exception of 

whole genome sequencing of some viruses, one cannot confirm suspected transmission events on 

molecular information alone. In one study, researchers were able to determine that they had at least 

two consecutive outbreaks of Stenotrophomonas maltophilia on their intensive care unit by 

visualising the temporal distribution of isolates identified using restriction fragment-length 

polymorphism (RFLP),(104) however there could have been more than two outbreaks as introduction 

with the same RFLP twice is possible.   

Descriptive papers that included molecular data covered a range of applications including outbreak 

investigations,(105-113) cluster identification(114) and evaluating control interventions.(115, 116) However, 

the most common applications of molecular typing were in identifying the probable sources of an 

infection(117-125) and whether transmission had occurred. (88, 126-132) Many papers(133-137) aimed to 

establish epidemiological links between cases but were limited by lack of statistical analysis. The 

geographical layout of cases was used in some studies to suggest potential factors associated with 

their distribution.(138-144) The study by Witte et al. mapped the distribution of MRSA strains at a 

national level in Germany to compare changes in resistance phenotypes with varied local 

prescription practices across regions,(145) but there were no statistical analyses to support or refute 

these qualitative observations. 

 

2.3.2 Analytical Studies 

Analytic studies tended to focus more on predictive modelling of future outbreaks and determining 

the impact of various changes within the healthcare setting, rather than describing an outbreak. 

They used a wide range of statistical modelling techniques, indicating a number of options for 

looking at spatial-temporal clustering in healthcare settings. This was possible using clinical data that 
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is routinely collected and required little additional data retrieval, showing the potential of pre-

existing datasets. 

 

Statistical Spatial-temporal Analysis  

13 papers (8.9%) conducted statistical analyses of temporal and spatial data (Table 2.2). All were 

carried out in hospital settings, with 84.6% (n=11) of the papers published after 2000 and 61.5% 

(n=8) focused on bacterial infections.  

The temporal studies (n=8) tended to be retrospective and employed time-series analysis (e.g., 

weekly aggregated measures plotted over time) to demonstrate if antibiotic prescription had an 

effect on the incidence of MRSA(146-148) and C.difficile(149) or if control measures for multiple 

organisms reduced the incidence.(150) Without the incorporation of temporal analysis into these 

investigations, the impact of the interventions may have been masked by other factors, such as 

seasonality. Additionally, temporal analyses were used to examine ways to improve infection control 

measures,(151, 152) for example, Haley et al. used multivariate statistical models to assess the temporal 

associations between infections and overcrowding, providing evidence that under these conditions 

hand-washing compliance is markedly reduced.(153)  

Spatial-temporal studies (n=5) typically aimed to retrospectively model infections, to investigate 

outbreaks and detect clustering(154, 155) by utilising modelling techniques, others were able to 

estimate the potential effect of interventions and use the results to advocate their incorporation 

into standard control measures.  

 

Statistical Spatial-temporal Analysis with Molecular Data 

Only 3.4% (n=5) of studies combined the use of molecular typing with spatial or temporal analyses 

(Table 2.2), which provides both the benefit of molecular differentiation and statistical evidence in 

confirming transmission. All of these studies occurred after 2005 and analysed the retrospective 

distribution of bacteria, while attempting to establish links between isolates. The earliest study in 

this category compared the effectiveness of molecular typing compared to spatial-temporal 

analysis.(156) PCR was used to characterise toxin genes in C. difficile  isolates, which were mapped to a 

grid representing each ward and statistically analysed for clustering by Knox test. This identified only 

one ward cluster compared to four clusters suggested by molecular fingerprinting analysis, leading 

the investigators to conclude that the Knox test was less effective for identifying nosocomial 

transmission than molecular fingerprinting. However, most of the other studies show that
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Table 2.2 Characteristics of analytical studies included in the review (n=22) 

Temporal/ 
Spatial Focus 

First Author Year Settings Organism 
Molecular 
Methods 

Statistical Methods Aim Study Design 

Statistical Spatial-temporal Analysis 

Temporal Aldeyab, MA. 2009 Whole Hospital C.difficile N/A ARIMA time series Assess Impact of AB use Retrospective 
Temporal Aldeyab, MA. 2008 Whole Hospital MRSA N/A ARIMA time series Assess Impact of AB use Retrospective 
Temporal Bertrand, X. 2012 Whole Hospital MRSA N/A ARIMA time series Assess Impact of IC Measures Retrospective 
Temporal Birnbaum, D. 1984 Whole Hospital Multiple N/A Outbreak Threshold levels Detecting Outbreaks Prospective 

Temporal Charvat, H. 2010 Whole Hospital Multiple N/A 
Monte Carlo/time interval 

distance modelling 
Detect Clusters Retrospective 

Temporal Haley, RW. 1982 Paediatric Ward S.aureus N/A Multivariate statistical model Assess Impact of IC Measures Retrospective 

Temporal Polgreen, PM 2010 Multiple Hospitals 
C.difficile/ 
Influenza 

N/A 
Auto-regressive Time-series 

analysis 
Characterise incidence Retrospective 

Temporal Vernaz, N. 2008 Whole Hospital C.difficile N/A ARIMA time series Assess Impact of AB use Prospective 

Temporal&Spatial Kong, F. 2012 Whole Hospital MRSA N/A 
Nested Tri-level hierachal log 

regression models 
Quantify Infection Risk Retrospective 

Temporal&Spatial Kroker,P. 2001 Whole Hospital C.difficile N/A Knox regression analysis Detect Clusters Retrospective 
Temporal&Spatial Rushton, SP. 2010 Intensive Care Unit Multiple N/A Monte Carlo Investigate Spread of Infection Retrospective 
Temporal&Spatial Starr, JM. 2009 Whole Hospital C.difficile N/A Monte Carlo Markov Chain Assess Impact of IC Measures Retrospective 
Temporal&Spatial Yu, ITS. 2005 Whole Hospital SARS N/A Cox Regression Analysis Outbreak Investigation Retrospective 

Statistical Spatial-temporal Analysis with Molecular Information 

Temporal de Celles, MD. 2012 Surgical Ward MDRAB repPCR Stochastic transmission model Assess Impact of Mol Typing Retrospective 
Temporal Gandhi, NR. 2013 Whole Hospital XDRTB RFLP§ Network Analysis Investigate transmission Retrospective 
Temporal Nübel, U. 2013  Paediatric Ward MRSA SNP analysis Bayesian Skylines Identify Risk Factors Retrospective 

Temporal&Spatial Kumar, VS. 2006 Whole Hospital MDRGN Not Stated Monte Carlo/SatScan Detect Clusters Retrospective 
Temporal&Spatial Rexach, CE. 2005 Whole Hospital C.difficile AP PCR Knox Regression Analysis Investigate transmission Retrospective 

Spatial-temporal Analysis using GIS 

Spatial Kistemann, T. 2000 Whole Hospital S.enteritidis N/A Geographical Distribution Outbreak Investigation Retrospective 
Spatial Kruger, H. 2002 Multiple Hospitals Multiple N/A Mapping of Resistant Isolates Mapping Distribution Prospective 

Temporal&Spatial Kho, A. 2006 Whole Hospital MRSA/VRE N/A Visualisation of HCW movement Identify Risk Factors Prospective 
Temporal&Spatial Kwan, MYW. 2009 Whole Hospital Multiple N/A Infection Control Investigate Spread of Infection Prospective 

N/A, not applicable; MRSA, methicillin-resistant Staphylococcus aureus; BSI, Bloodstream Infection; SARS, Severe Acute Respiratory Syndrome; MDRAB, Multidrug resistant 

Acinetobacter baumannii; XDRTB, extensively drug-resistant tuberculosis, MDRGN, multidrug resistant gram-negative bacteria; VRE, vancomycin-resistant enterococci; 

repPCR, repetitive element palindromic PCR; RFLP, Restriction Fragment Length Polymorphism; Immunoassay. 
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in order to gain the most from available data, rather than using one or the other that spatial-

temporal and molecular analyses should be used in combination.  

The remaining studies evaluated potential transmission routes or attempted to gain a better 

understanding of outbreaks. Nübel et al. applied whole-genome sequencing of MRSA in a neonatal 

ICU (NICU)(157)  to compare accumulated sequence variation in the isolates and used Bayesian skyline 

analysis to reveal epidemiological links between patients, healthcare workers and parents. They 

concluded that integration of epidemiological mapping and genomic data was necessary to 

understand MRSA transmission. Similarly, Gandhi et al. carried out a retrospective study to 

investigate epidemiological links between XDR-tuberculosis patients in South Africa attending 

hospital clinics,(158) by combining RFLP analysis and social network data to build transmission 

networks among genotypically similar patients. Their findings showed that the epidemic was highly 

clonal and network analysis indicated transmission across a network with high levels of 

interconnectedness. de Celles et al. tried to estimate the variability in transmission between 

different multidrug-resistant Acinetobacter baumannii clonal groups(159) using data on carriage on a 

surgical ward. They identified three clonal complexes transmitting within their study population by 

performing molecular fingerprinting and applied stochastic transmission models to estimate 

transmission rates for each complex. Results suggested that one of the clones had enhanced 

transmissibility when compared to the other two and further explained local epidemic dynamics. 

Finally, Kumar et al.(160)  optimised cluster identification by organising Multidrug-Resistant gram-

negative bacterial isolates from admitted patients into co-resistance groups and combing this 

information with schematics of the ward layouts in a Monte Carlo simulation. They concluded that 

this was “a powerful way to quickly identify outbreaks” and early detection is critical with the 

decreasing number of effective treatment regimens available.   

 

Spatial-temporal Analysis using GIS  

GIS was utilised in only 2.8% (n=4) of studies identified in the review, demonstrating its limited 

uptake in the investigation of HCAIs (Table 2.2), with all of the studies occurring after 2000. The 

studies were conducted hospital-wide and all but one described a prospective application. 

Kistemann et al. employed GIS for a retrospective investigation of a Salmonella outbreak(10) in which 

the source could not be identified by biological testing, as food samples had been discarded. By 

mapping the distribution of cases across the hospital site and utilising analytic tools in GIS the 

researchers identified that the sole link between cases was food delivery from a central kitchen. This 

led to an investigation of food production and the source was discovered. Kruger et al. used GIS to 
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undertake geostatistical analysis of local antibiotic resistance to act as an early warning system for 

the emergence of drug-resistant strains(161) enabling doctors to alter their prescription practices. Kho 

et al. developed and implemented GIS software that enabled them to demonstrate inappropriate 

patient placement and insufficient hand hygiene in 14% of health care provider-patient contacts.(11) 

Kwan et al. successfully incorporated GIS in a wide range of hospital-based investigations.(23) Using 

the GIS as the central repository for spatial and temporal data of infectious disease cases, the 

collected data were queried and analysed to identify disease clusters. The results were then 

communicated to necessary personnel, helping decision makers to target control efforts. 

 

2.4 Discussion 

This review highlights numerous (n=146) papers focusing on temporal spatial investigations of 

infectious diseases within healthcare settings, however very few of these (n=22) used statistical 

methods to understand disease transmission dynamics. This suggests that spatial-temporal data are 

regularly collected in healthcare settings, but understanding transmission dynamics using statistical 

analyses is infrequent, which introduces the risk of misinterpretation and hence development of less 

effective interventions and management of the problem. Of note, most of the published descriptive 

analyses were also retrospective, and in the absence of further statistical testing, provide little 

information for future prevention or prediction activities.  Similarly, while half of all identified 

studies included molecular techniques for differentiating clusters, many of these were older 

techniques used to determine very large differences in bacteria and are not conclusive. Only 6.8% of 

studies that included molecular data also used statistical analyses to provide more quantitative 

evidence of transmission clusters.  

 

2.4.1 Underutilisation of Data  

This review has revealed that while the collection of spatial-temporal data has been routine in 

hospitals for decades, the use of spatial-temporal statistical analyses is relatively new to the study of 

HCAIs, as compared with infectious diseases occurring within the community.(20) Most of the papers 

identified in the review use spatial and temporal information to provide a description of disease 

occurrence by time/space and were limited in the scope of their findings. Naturally, the way in which 

spatial or temporal data are utilised within investigations of HCAIs varied greatly and presentation 

depended upon the aim of each study. However, often the large amount of data collected was not 
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utilised to its full potential and opportunities to gain a more thorough understanding of the problem 

were missed. 

The ability of these descriptive studies to identify any significant influences of infectious disease 

dynamics is limited. Several studies discussed the significance of the geographical distribution of 

cases without carrying out any analyses(59, 75-79), which is a serious issue, as sharing the same 

geographical space does not prove that transmission has occurred.(30, 144) The smaller the scale at 

which populations are studied, the greater the possibility that ‘clustering’ of cases could have 

occurred due a confounding factor, e.g. cohorting of high-risk patients. This highlights a lost 

opportunity to learn more about the spread of organisms within healthcare settings, and to develop 

more effective intervention strategies based upon transmission dynamics within that particular 

setting.(94)  

 

2.4.2 Maximising Data Usage 

It is important that hospitals are able to understand the local HCAI transmission dynamics to inform 

their routine practice. A major stumbling block can be the perception that these analyses may 

involve active data collection; however an abundance of existing datasets could be used. An example 

of disparity in data usage are the papers by Kroker et al. and Mody et al., in which they attempt to 

identify potential clusters of Clostridium difficile within their hospitals.(73, 155) Both studies were 

published in 2001 and utilised clinical patient notes and laboratory results for C.difficile toxin assays. 

Mody et al. arbitrarily defined a cluster as one or more cases occurring within 21 days of a previous 

case on the same nursing unit and used this to identify temporal clusters within their dataset; 

however they were unable to suggest potential factors related to the observed pattern. Whereas 

Kroker et al. employed the Knox test to identify time-space clusters; highlighting hospital geography 

and traffic between wards as significant factors and enabling them to adapt their infection control 

procedures. 

Incorporation of molecular data into investigations can have a profound impact on the effectiveness 

of any outbreak response. Recent advances in molecular biology, such as rapid bench-top 

sequencing, have led to a revolution in the detail that can be gained from clinical samples.(99) While 

many hospitals only carry out basic identification of microorganisms, due to the resources available, 

these data, when available, can be useful to enhance current investigations. The study by Adams et 

al. in 1981 investigated nosocomial infections on a paediatric intensive care unit and were able to 

distinguish that there had been two separate outbreaks involving separate strains of herpes simplex 
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virus type 1.(87)  The initial investigation which had not included molecular data had concluded that 

all cases belonged to a single outbreak and thus limited the impact of their initial control measures.  

 

 

2.4.3 Benefits of Incorporating Statistical Analysis 

Molecular data can be invaluable in ruling out a link between cases; however, as emphasised in the 

paper by Helweg-Larsen et al., clusters of infections can occur for many reasons and often are 

caused by factors other than nosocomial spread.(19) Therefore incorporation of true temporal or 

spatial analysis to eliminate similarity of microorganism by chance, alongside molecular techniques 

could lead to a better understanding of the true transmission dynamics. Often inappropriate 

assumptions are made about clustering when based solely on molecular data, as it is possible for the 

same clone or genotype of an organism to be introduced numerous times into a population from 

distinct sources. 

Prior to 2000, only two papers were identified that had carried out spatial or temporal analysis; 

whereas in the last decade this number has increased to eleven. This may be due in part to the 

development of novel statistical methods and further advancement of user-friendly statistical and 

GIS software; however the majority of the statistical methods in these studies have been widely 

employed in other fields since before the 1980s. Similarly, the use of electronic databases in 

hospitals for storage of medical information has been seen in numerous countries; however within 

the NHS it is relatively new. These electronic databases provide a rich source of epidemiologically 

and clinically relevant information allowing more detailed analyses to be performed. 

The ideal situation is to design control programmes based upon the distinct dynamics and processes 

observed within the local institution. Since randomised controlled trials can be extremely difficult to 

undertake in many clinical settings, some have employed predictive modelling techniques to 

improve their understanding of local dynamics. For example, Rushton et al. used a statistical 

approach to investigate clustering and patterns of spread of a number of organisms within an 

intensive treatment unit.(154) They obtained data from pre-existing datasets including numbers of 

infected patients, admission details, duration of stay and bed movement, whilst they estimated 

some addition variables from evaluating nurse-patient contact. They identified variation in the 

degree of clustering of different organisms and tested the impact of potential control interventions 

in the model. The findings suggest that bed movement and staff-patient contact has to be controlled 

and that control strategies may need to be organism specific. 



 

40 
 

2.4.4 Key Findings 

• Statistical and mathematical analyses of infectious disease cases across space and time in 

hospital settings is critical to understand the transmission dynamics of infectious agents. 

• The underutilisation of spatial and temporal data may be due to the primary focus of studies 

on retrospective actions in response to an outbreak. 

• A focused approach on developing our understanding of HCAI epidemiology, including 

environmental analyses, is likely to lead to identification of significant risk factors and better 

prevention.  

• Molecular typing technology is quickly moving from research to clinical settings and it is 

becoming more common for detailed molecular analyses to be carried out to investigate 

nosocomial infections. 

• From this review it is clear that it is the uptake of statistical analyses that is the limiting step 

in moving towards modern sophisticated analyses of HCAIs. 

• Collaboration with academic institutions can be exploited to improve the understanding of 

local disease dynamics without significantly increasing costs to hospitals. 

• These collaborations would provide rich datasets for researchers to use, while at the same 

time enabling clinicians to employ cutting-edge methodologies that could inform their 

routine practice. 

• One possible intermediary step would be to further the use of GIS for HCAI investigations as 

it enables a wide range of analyses to be carried out within one piece of software in which 

front line staff could be trained to use. 

• As hospitals move to combine databases and increase the level of electronic recording, this 

presents the ideal time to incorporate GIS into these systems and create a fully-integrated 

hospital information system. 

• With movement of patients between care structures, differentiation between infection 

control in primary and secondary care is becoming more difficult. Nursing homes could act 

as reservoirs of infections and regular readmissions of their residents could lead to further 

hospital transmission. 
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• In addition to providing an analytic toolkit for spatial clustering, GIS could improve the 

understanding of the relationship between primary and secondary care by enabling 

healthcare providers to consider the impact of their local community.  

• Analytical papers on HCAIs must be published in main clinical journals rather than 

specialised niche journals, as observed in this review, as this is likely to widen utilisation of 

these techniques. 

 

To truly understand and stem the growing problem of HCAIs worldwide, a multidisciplinary approach 

is required. This is dependent on the skills and technology available to those investigating the 

problem and is likely to require collaboration between experts. This review suggests that a greater 

integration of spatial-temporal techniques into HCAI investigations could prove invaluable in 

highlighting previously unobserved patterns of infections and maximising the understanding of 

disease dynamics. Given that infections within a small contained area, such as a hospital, have a 

greater potential for misclassification of clustering, it is necessary to utilise both molecular 

techniques and the appropriate spatial-temporal statistical techniques to maximise the accuracy of 

the study findings. With the expanding technology of information systems (e.g., electronic medical 

databases), advancement in molecular and statistical techniques, development of analytical 

platforms that enable greater access to non-experts and increased interdisciplinary collaboration, 

the potential for utilising pre-existing data to prevent future avoidable infections and improve 

patient safety is a reality. 

Within the next chapters of this thesis, I will expand on these concepts and show how the 

application of spatial-temporal analyses and GIS can improve the understanding of disease dynamics 

in healthcare settings. 
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Chapter 3: Methods in developing three-dimensional geographic 

imaging of hospital environments in ArcGIS 

 

Summary 

 

Given the need to utilise temporal, spatial and environmental techniques to gain a thorough 

understanding of diseases transmission in hospital settings, as highlighted by our literature review, 

we developed methods to capture environmental detail on hospitals. The methods were based on 

work by others who have developed three-dimensional maps for tourism and building management 

purposes. However the end-user requirements in a hospital setting vary greatly from their work, 

meaning that an alternative method had to be devised to ensure that we obtained the accuracy and 

level of detail required. This chapter describes the methods used to construct the three-dimensional 

maps of the hospital buildings from architectural floor plans that were used for subsequent analyses. 

 

3.0 Background 

 

Advances in the field of spatial analysis, both in terms of statistical methods and software, are 

beginning to increase opportunities for understanding the transmission dynamics of HCAI. 

Geographical Information Systems (GIS) have been applied in a wide range of health investigations, 

including the geographic distribution of pollution(162, 163), national surveillance of disease (20, 164) and 

access to healthcare.(165) Additionally, advances in small-area statistics have led to novel approaches 

of utilising the software on a smaller-scale including within an institution.(166)  

Traditionally in epidemiology, outbreak investigations have included superficial examination of 

clustering and simple case control analyses of potential exposures, but the need to place more 

emphasis on the spatial and temporal factors of all infectious events has led to a gradual increase in 

the use of GIS in epidemiology.(167) Studies of disease spread on large scales, such as annual 

movement of influenza strains, has, in combination with molecular tracking, benefited from mapping 

through GIS.(168) Yet use of GIS in understanding disease transmission and prevention is in its nascent 

stages, especially with respect to small scale area modelling. 
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By including information on time and space in analyses and manipulating datasets within GIS, it may 

be possible to identify the spatial and temporal distribution of interrelated factors that contribute to 

the transmission of a disease or the clustering of cases, which potentially reveal previously 

undetected outbreaks.(11, 35) These patterns in the data are often missed when utilising more simple 

analyses as they fail to incorporate enough information. However, adaptation of use in small area 

and indoor settings is necessary to maximise utilisation of GIS for infectious disease studies.  

In other fields small area-analysis of micro-spatial environments, i.e. urban areas and building 

layouts has expanded.  A recent application includes urban planning examining the layouts of 

buildings (transport routes, etc.) to analyse how buildings are used(166) and improved response to 

emergencies within buildings by identifying the best safety equipment locations and escape 

routes.(169) While these examples provide analytic and methodological tools for small area analysis, 

utilizing the capabilities of spatial mapping to analyse the distribution of healthcare associated 

infections (HCAIs) with hospitals requires indoor mapping.  

The application of GIS in hospital-based healthcare is an area of growing interest.(170) The utilisation 

of spatial analysis within a hospital setting could provide a better understanding of HCAI 

transmission dynamics, enabling improvement in infection control through faster identification of 

possible outbreaks. This could reduce the likelihood of transmission through targeted control 

measures, yet mapping indoors has a number of challenges. Micol et al. created a prototype of a GIS 

to investigate HCAIs by separating the hospital environment into a cube-like model.(171) Although this 

allows for the investigation of the geographical distribution of HCAIs across the hospital, the lack of 

detail of the ward layout limits evaluation of the impact of the ward environment. In order to use 

GIS whilst including important environmental factors for mapping of HCAIs in one of the largest NHS 

Trusts in England across three sites in multi-storey hospitals, we had to develop a novel coordinate 

system that incorporated three dimensional space and environmental fixtures (e.g., sinks, open 

nursing stations, toilets, etc.).  

We utilised ArcView to develop a novel mapping system to visualise the internal structure of hospital 

buildings in order to gain an insight into the ward layout and to examine the effects of 

environmental factors on HCAIs.   Herein, we discuss the methods for map creation and the issues 

faced during their creation. 

 

 



 

44 
 

3.1 Study Design 

This study focuses on hospital data from Imperial College Healthcare NHS Trust (ICHNT), one of the 

largest NHS Trusts in England. The Trust consists of five hospitals (Hammersmith, Charing Cross, St. 

Mary’s, Queen Charlotte’s, and the Western Eye Hospital) and nine out patients clinics. Across the 

hospitals there are 1,540 beds and the Trust treats approximately one million patients every year. 

The five hospitals have not historically been part of the same NHS Trust, with St. Mary’s hospital 

merging in 2007. This setting provided a complex organisational framework in which there are a 

wide range of databases and ward layouts. 

This project focused on the 3 acute care hospitals- Charing Cross, Hammersmith and St. Mary’s (the 

remaining two are specialty hospitals). 

 

3.1.1 Transfer of floor plans from AutoCAD to ArcGIS 

The architectural floor plans for the three main hospitals that were held by the Estates department 

were stored in CAD (Computer-aided Design) format. Although CAD files can be directly imported 

into ArcGIS, all of the layers/annotations (Figure 3.0) would be combined into one group layer in 

ArcGIS. To use the files for mapping infectious disease activity, the layers had to be separated so that 

the individual features of the wards, e.g. beds, could be analysed separately. 

 

Separation of the item layers stored within the CAD format was completed by extracting each layer 

individually from the base floor plan, importing it into GIS and exporting it as a separate shape file, 

which ArcGIS will recognise as an independent layer.  In total, nine shape files had to be extracted in 

order to build the basic ward layout in ArcGIS. These layers represented: 

• External Wall 

• Internal Walls 

• Windows 

• Room Areas 

• Bed Locations 

• Fixtures (Cupboards, etc.) 

• Toilet/Showers 

• Sinks 

• Doors 
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As the CAD floor plans are normally used for structural information by the Estates department, a 

range of symbols and notations had to be removed prior to conversion (Figure 3.1).  The CAD layers 

removed included architectural data (i.e. room codes) and notations of room areas, ceiling heights, 

etc. Once the maps were adapted for our use by removal of incompatible features (Figure 3.2), they 

were transferred to ArcGIS. 
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Figure 3.0 Screenshot of ArcGIS. Circled area shows the numerous layers produced when CAD files directly imported into ArcGIS.  
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Figure 3.1 Screenshot of AutoCAD showing range of symbols and annotations present on original floor plans 
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 Figure 3.2 Screenshot of AutoCAD post removal of layers surplus to requirements. 
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Figure 3.3 Structure of hospital item coding 

CXH_TLBL_05_5S_Bed_04 

 

Hospital Code Building Code Floor Code Ward Code Item Type Item Number 

 

 

3.1.2 Ward surveys 

It was essential to ensure that the floor plans were accurate. Within the dynamic hospital 

environment, changes in ward layout and renovation work can occur rapidly and may not have been 

incorporated into Estates CAD files. Visual surveys were carried out on all clinical areas across the 

three hospital sites to compare the actual ward structure to that on the floor plans; this 

encompassed around 100 wards in total.  

The main discrepancies observed were changes in the designation of rooms on the ward (offices 

became treatment rooms), the relocation of clinical sinks and the removal of minor interior walls. 

Some wards had undergone complete renovation since the project had begun and new versions of 

the floor plans were obtained. For wards in which minor changes had occurred and new floor plans 

were not yet available, the floor plans were changed manually in CAD utilising the infrastructure 

utilities within the software to accurately represent the wards during the required time period.  

These changes required the individual layers in the base CAD floor plans to be adapted and they 

were then imported into ArcGIS to create new distinct shape files. To allow quick identification, 

items of interest that were on CAD maps such as beds or sinks were given unique item codes 

(Figure3.3). This also allowed future linkage with other data sources, such as patient location, 

infection data and cleaning scores. 

 

3.1.3 Correct positioning of sites 

The use of GPS in mapping has been well established, however its application is limited for mapping 

of the interior of the hospital buildings due to the requirement of a direct line of sight to a minimum 

of four orbiting satellites to triangulate a location.(172) Furthermore, the inaccuracy of many handheld 

GPS devices is too large for use when analysing on a small scale. Most commonly used field GPS 

units, such as the model used in this study, have an accuracy of 1-3m dependant on the number and 

quality of signals they receive from satellites.(173) When carrying out analysis within a hospital 

building, an error in location of +/- 1m would have a significant effect, perhaps even placing the 

factor of interest in a different room, therefore development of and reliance on an accurate 

coordinate system is essential. 
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GPS readings were taken at predetermined positions around the outside of all buildings on the 

hospital site to enable mapping of the location and distances between the different buildings at any 

given site. These readings were used to geocode the hospital buildings within ArcGIS and enabled 

the development of accurate site maps. This site mapping was an important requirement as it allows 

analyses to be undertaken at site level as well as individual building level. 

 

3.1.4 Defining an appropriate geographic reference system 

A coordinate system was required that would allow infection data to be displayed across the maps. 

Coordinate systems require both a representation (e.g., Cartesian, longitude-latitude coordinates, 

etc.) and a reference frame (a point of origin).(174) The most commonly used system in mapping is 

longitude and latitude with the prime meridian as the reference point; however this system is not 

compatible with small indoors areas where it is difficult to record signals from satellites to obtain 

coordinates.  

A Cartesian coordinate system was used as it provided an effective system in which map coordinates 

could be configured to a local reference point, i.e. a corner of a building. Utilising (x;y) coordinates to 

describe the locations of features is also better in terms of user accessibility, as people without 

extensive training would struggle to understand traditional coordinates readings.  Additionally, those 

who are likely  to be the key users  of analysis summaries (e.g., clinicians and hospital managers) 

would be better able to understand the distance better between two points better written as (1m, 

3m) and (2m, 3m) than if the longitude-latitude coordinates (i.e. 51°30’59N, 0°14’13W) were given. 

A Cartesian system is straightforward when applied to a single independent building, however on 

the hospital sites, although the floor plans are divided by building, they are often physically 

connected and may even share corridors or open space. This means that when considering the 

spread of infections and the movement of patients, these buildings would have to be considered as a 

single environment. Reference points must be chosen that will be suitable for the interconnected 

buildings and allow accurate measurements at both ward and site level. 

The AutoCAD floor plans were created in a basic XY coordinate system with no accurate base point 

so once it is transported into the ArcGIS software it was placed randomly within the real world 

coordinate system. To allow aligning of data with the building maps in a projected coordinate system 

with linear units, i.e. meters, in ArcGIS, it was necessary to create a custom projection file for the 

CAD data. This was done by loading a map with a pre-defined control point into ArcGIS and then 

adding the polyline layer from the CAD file. Polyline shapes consist of a series of lines or line 

segments.  
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The GPS readings were then used to determine the distance (East-West and North-South) of the CAD 

polylines from the control point (GPS point) in the real-world coordinate system. The incorrect 

coordinates at which the polyline layers were originally displayed are called ‘False’ values. The 

coordinate system of the data frame was modified by adding or subtracting these differences in 

distance from the ‘False Easting’ and ‘False Northing’ values.  The modification was applied to the 

data and the CAD file shifted to more closely align with the reference data. These can be adjusted in 

the future to achieve the best possible alignment of the control point and CAD data. 

 

3.1.5 Development of the 3D structure 

 

Finally to enable the visualisation and analysis of the distribution of infections across the buildings, 

the floor plans had to have a three dimensional (3D) structure. The heights of the walls and ceilings 

as defined within the CAD floor plans were used to create 3D representations of the individual floors 

by extruding the surfaces to the required vertical height (Figure 3.4). 

Floor plans were combined with X to create a 3D representation of the hospital buildings by layering 

the floors on top of each other. Ceiling heights, provided by the CAD floor plans, lacked information 

on the inter-floor distances, i.e. the distance between the ceiling and the floor above. Therefore an 

initial 2.5D structure was created in which the 3D floors were layered on top of each other without 

consideration of the inter-floor distances. This required a 3D coordinate system that incorporated a z 

coordinate related to the elevation of each floor and element of interest from ground level, i.e. (x, y, 

z) or (1m, 3m, 5.7m).This z coordinate was then added to the metadata for the items within each 

file. To combine the floor plans into an accurate 3D model, further information on the elevation of 

floors was obtained from the Estates department. 
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a. Original floor plan 

b. 3D isometric  view after extrusion 

c. 3D close up 

Figure 3.4 Development of 3D model of floor plans in AutoCAD by extruding layers to required heights. 
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3.1.6 Modelling Internal Structure of the Building 

To model the interior of the building, the spatial association between rooms and other elements of 

interest needed to be established. The transport routes in the buildings are the combinations of the 

connectivity relations of the horizontal (along a floor) and the vertical (across floors) directions.(175) 

In the hospital buildings the horizontal relationships are derived from the corridors and the vertical 

relationships are defined by the locations of stairways or lifts. At the ward level, the movement 

network is defined by nodes and edges, in this case the nodes being the rooms on the ward and the 

edges being the path between them (Figure 3.5). 

 

 

This method utilised 3D Poincaré Duality Transformation, which will be explained in the following 

section. The connectivities between X and Y were modelled as a 3D network structure, the dual 

graph of 3D spatial units. A given graph, graph G, is represented by the flowing equation:  

 

graph G = (V(G),E(G))  

 

Figure 3.5 Ward level movement network 
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where   V(G) is a finite set  of elements, V, called vertices and E(G) is a finite set of elements, E, called 

edges,  and V(G) = (v1, …, vn) and E(G) = ((vi, vj) / vi, vj ∈ V). Each edge is identified with a pair of 

vertices (v1, v2), where v1, v2 ∈ V. To represent the allowable movement routes, the hallway was 

transformed into linear features and, each node representing 3D spatial units (stairways or 

elevators) is projected and connected into the medial axis.  

 

The network structure consists of a set of Nodes V and a set of Edges E. The primary classes of the 

model are Node, Edge, and Network: 

• the class Node consists of an identifier and position data in 3D (x,y,z-coordinates) 

• the class Edge consists of an identifier, start node, and end node 

• the class Network consists of an identifier and lists of all nodes and of all edges in a 

network. 

 

Each node in the database has an identifier, room type, and room-based information that are a 

description of node characteristics in the 3D network. An edge has an identifier, length, occupant 

movement, elevator/stairway capacity, corridor capacity and traffic flow impedance (walls/doors).  

 

As analyses were based on an indoor environment in which there are physical structures, 

consideration had to be made of how distance was be measured within the maps. Two patients may 

be located close together, however separated by physical obstacles, i.e. walls, doors. For example, 

Patient B is located in a room next to the index case of an infection and Patient A is located in the 

room next door (Figure 3.6). Patient A is closer in terms of Euclidean distance, but Patient B is the 

closest when the physical barriers of the hospital environment are considered. Therefore relative 

path distance, in which the cost of taking a certain path is considered, was used. Path lengths are 

weighted dependant on the physical structures a traveller must overcome, i.e. doors/stairs. This 

allowed the model to choose the path of least ‘cost’ and in the case of the example; it would select 

Patient B as the nearest patient to the index case. 
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Figure 3.6 Diagram showing effect of weighting path routes 
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3.1.7 Trials with test data 

 

To evaluate different elements of the maps, test data were generated to detail various ward 

characteristics and scenarios. The generated data were randomly created to mimic the style of 

datasets routinely collected.  This stage of development employed an adaptive system including 

feedback loops, which enabled the maps to be altered and updated dependant on new information 

and any structural changes that occurred on the wards. This method requires changes to be made 

whenever an issue or fault is flagged within the system. 

Due to the lack of spatial resolution in the data that were available at time of this work, it was not 

possible to plot real infection data onto the maps. This issue is discussed in more detail in the 

limitations section of this chapter’s discussion. 

 

3.2 Discussion 

 

In most epidemiological studies it is extremely important that researchers are aware of the 

environment that the study is taking place in and how this may affect the observations they make. 

Whilst reviewing studies for Chapter two, it became apparent that most of the studies provided a 

very brief description of the ward layout and that this may not have been considered a factor to 

investigate. In this chapter, I have described one method to produce maps of the hospital 

environment to inform on physical layout and allow further analysis. The data obtained have many 

uses, but the limitations must also be addressed. 

 

3.2.1 Usage 

 

The base outcome of this work is the production of electronic accessible ward maps that to this 

point had not been available to staff or researchers. The floorplans on which they are based have 

always been stored by the Estates teams; however it was never seen as a resource that was available 

to others. This is an example of how the numerous data sources that exist within the NHS can be 

utilised in novel ways to provide a deeper level of understanding for both operational and patient 

safety outcomes. There are however a number of issues that must be considered when using these 

maps.    
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A major issue in geomatics is defining how data will be displayed,(176) as it is easy to manipulate the 

map and appear to show different results with the same data. Consequently, standardisation of data 

display will always have to be defined to ensure that any results are produced in a clear and easily 

comparable format. The key consideration in the process is choice of display, as different interval 

schemes can change how the map looks and the message it sends.(177) These considerations also 

enable the tool to be adapted to the requirements of the end-user, as diverse applications of the 

data will require different outputs, i.e. nursing staff vs infection control. 

The wards within this Trust, as with many others, may change in a number of ways; usage, speciality 

and even physical renovations. This information will be unlikely to be held in any one dataset and so 

the maintainer of any such system must ensure to capture this information. Otherwise, any 

retrospective work may face issues with validity of data due to incorrect ward layouts being used or 

wards being classed as open when they may have been closed. 

This consideration leads into the discussion of limitations with this process and how they must be 

addressed or acknowledged. 

 

3.2.2 Limitations 

 

In the development of the maps, there were a number of choices made including the choice of GIS 

software and methodology. This is an area of study that is constantly expanding and thus improved 

software and novel statistical methods are being released that may enhance studies such as these. 

The choices made in this project were based around the knowledge of such systems by myself and 

collaborators and decisions upon what was felt to be the most suitable methods to apply in our 

settings. 

3D Poincaré Duality Transformation is a method that has been used in numerous other studies 

looking at the throughput of a population in a building. These studies mostly focused upon 

emergency planning for building evacuations and thus may not be the best comparison to a 

healthcare setting. The population we are studying are often more limited in their movement due to 

morbidity and intravenous lines or other medical equipment. Also the likelihood that they would 

enter another patient’s room is much less than that of a tourist moving between rooms in a 

museum. This variation in movement would need to be studied further to allow identification of a 

more suitable methodology.  
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Utilisation of Relative Path distance was seen as the most applicable way to address the physical 

barriers within the hospital buildings that affect the true distance between patients and items of 

interest. However as the ward environment is extremely dynamic, it is challenging to consistently 

characterise the routes in an accurate manner. Over time you will see changes in the available 

routes through a ward; this may be due to bay closures, patient incidents that block corridors, spills, 

etc.  

These temporal changes can be temporary or they can last for a significant period of time and such it 

is critical these limitations are addressed as much as possible through documentation of any 

significant ward changes. An example would be if a ward corridor was closed due to maintenance 

work in the ceiling; in this scenario there is a clear need to document this as it directly affects foot 

traffic in the ward, potentially causing more interaction between patients/staff and furthermore 

there is the possibly of effects to patients due to the disturbance to the ceiling materials. 

These are all factors of Data Quality, which is an issue in most large organisations and one which can 

be difficult to address. Data are stored in a wide range of databases and maintained by various 

different departments, leading to a separation of information that this kind of system would require 

to be integrated as a Hospital Information System. To enable this to be used, new forms of data 

would need to be collected and linked to established datasets to provide real-time information.  

Often the existing data are unavailable or stored in a format that is not conducive to the analyses 

that researchers wish to undertake. At the time of this study, the resolution at which patient 

location data was available was to the ward level. This greatly hindered the possibility of undertaking 

detailed spatial analyses as it would have required true bed level data to allow the evaluation of the 

environments and interactions between individual patients. However more recently this information 

has become available within the Trust, therefore meaning that there is the possibility of future 

incorporation of linked bed data into analyses. 

 

3.2.3 Outputs 

 

Given the aforementioned limitations, it was not possible to undertake analyses on HCAI distribution 

using the hospital maps; however this work provided a number of other outputs which proved 

valuable to this project and beyond.  

The visualisation of wards in both simplified 2D top down and 3D isometric views provided front line 

staff on the wards to see their work environment in a substantially different way. Many of the staff 
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members who helped me with ward audits in the development of the maps had not seen a graphic 

representation of them before. The original floorplans used by the Estate teams (Figure 2) were 

complex and non-accessible to workers without a background in CAD design. By giving them access 

to simplified ward maps, as seen in Figures 5 & 6, HCWs could now utilise these in organisational 

planning. 

The maps were also used by the ICT and academic researchers to provide visualisation of scenarios 

when reporting to external bodies. The ward layouts provided in this way allowed for people outside 

of the Trust to gain an understanding of the issue, which would be more limited if you are not 

familiar with the ward in question.  

Finally, the digitalisation of the floorplans into a more workable format allowed the extraction of a 

great deal of information that informed the analyses undertaken in the subsequent chapters.  

 

3.2.4 Summary 

 

The development of 3D hospital layouts can be a resource heavy undertaking and one that many 

organisations, such as the NHS, may feel to be unnecessary. However the work largely utilises data 

already held and produces information that appears to greatly benefit front line staff on the local 

ward level as provide a rich resource for organisational planning at the hospital level.  

This work provided a greater understanding of the wards and hospitals this project was being 

undertaken in and at the same time provided data that was instrumental to the analyses within this 

thesis. In the next chapter, the ward characteristics are evaluated to describe the variation and 

heterogeneity observed between hospitals and wards within the Trust. 
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Chapter 4: The dynamic and heterogeneous hospital environment 

 
 

Summary 

This initial analysis chapter focuses on the hospital environment in which the later investigations 

take place and has two main aims. First, to address the issues associated with ensuring that data are 

up to date in a changing research environment.  The second aim is to describe the variation in ward 

design within the Trust and evaluate the levels of ward heterogeneity. This chapter introduces key 

aspects of the ward design which are explored further in chapter five and acts as a background to 

the study area in which this project took place. This work was necessary to improve our 

understanding of the dynamic study site we were working in. 

 

4.0 Background 

 

The hospital provides a uniquely challenging environment for research due to the complex nature of 

the population as well as the variation in ward design. Infection control measures are designed 

based upon scientific evidence; however this frequently is not the case for hospital ward design. 

Even in countries that have implemented recommendations for the design and construction of 

specialist hospital units to prevent disease transmission, designs are often expensive to implement 

and little evidence to support their efficacy in disease prevention exist.(178) 

The lack of stringent evidence linking hospital design and construction with the prevention of 

nosocomial infection is partly attributable to the complex, multifactorial nature of these 

infections.(179) This can make it difficult to perform well-designed studies to investigate the effect of 

specific elements of hospital design and construction on the prevention of nosocomial infections. 

Ward design may also have non-direct effects on patient safety as layout will affect patient and staff 

walking routes, ventilation and access to facilities, such as clinical sinks. In this study we consider the 

ward environment as an important factor and attempt to incorporate it into our analyses. 

This chapter addresses the issues associated with ensuring that the data are up to date in a changing 

research environment and describes the variation in ward design within the Trust.  
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4.1 Ward List 

 

One of the major issues in carrying out research in the hospital environment is capturing the changes 

in active wards over time. When evaluating historical data within the hospital databases, researchers 

must be aware of changes to the active ward list as this could have an impact on any analyses.  

 

 

 

 

 

 

 

A ward exists as more than just a name; it is also composed of its speciality, its physical space and its 

usage (Figure 4.0). Just as a name may change over time, these other factors are also dynamic and 

we must understand these if we are to correctly identify wards in retrospective data. These ward 

changes include both temporal and spatial elements, such as: 

• Location moves- it may be moved to a separate floor or building, but retain staff, 

patients and other uniquely identifiable factors. 

• Speciality changes- the ward may be utilised for a new speciality or clinic but remain in 

the same location, thereby changing its staff and patients. 

• Closures- a ward may be temporarily closed as part of control measures. 

Any of these alterations to wards will have an impact on analyses, although the factors and the 

extent to which they impact an analysis will depend on the basis of the investigation. Infection data 

are held against a ward name and investigators must ensure they are aware of the correct speciality 

that was utilising the ward at that time and the physical layout of the ward. Speciality changes are 

not a regular occurrence, they do happen and this information should be recorded to allow easy 

access for reference. 

In a similar manner, general wards rarely close for extended time periods and the short term 

closures that they undergo can be difficult to identify and record. There are numerous factors that 

can cause a ward to close temporarily, ranging from planned closures for renovation work to closure 

Figure 4.0 Venn diagram of factors critical to defining a Ward Identity. 
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for infection control during an outbreak. During these closures the wards can either remain unused 

for patient care or they can be moved during a period of renovation to another geographical 

location within the hospital. For analyses such as ours focusing on ward layout, these moves must be 

identified as infections during these periods relate to alternative ward designs. 

 

Data Sources  

Surprisingly, it is not common to have a central ward list that incorporates all of these changes over 

time, and no such document existed in our hospitals. During this work, data were identified from 

various and distinct sources to capture as much information as possible. Active ward lists were 

provided by Nursing support teams, however, these did not cover the necessary historical period 

covered by the laboratory data, so extra information was identified from the bed managers from the 

three hospital sites. 

This information was critical, as aforementioned, there were occasions when these wards had to 

temporarily move location but remained active. As is common procedure within many buildings, a 

number of wards within one of the study hospitals were named dependant on their floor and 

geographical location. Therefore, to a researcher looking at just infection data, it would appear they 

were still working from the original floor and location rather than a separate location with even 

perhaps a very different ward layout. 

Figure 4.1 Variation in reasoning for Ward Closures in both scale and length of closure. 
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To identify ward closures (Figure 4.1), information was obtained from the Estates department on 

renovation work carried out throughout the hospitals. This ranged from minor ward changes such as 

removal of sinks or walls, which were carried out whilst wards remained open, to full renovation of a 

ward during which the ward was closed. This source also provided information on closures to parts 

of the wards that occurred when issues such as flooding required the closure of specific bays or side 

rooms. 

Finally reports from the Infection Prevention and Control (IPC) teams were obtained to identify time 

periods during which wards had been closed due to infection control issues. Often during outbreaks 

bays are made inactive and closed to new patients to attempt to prevent further spread of infection; 

however the ward itself will remain open. In extreme cases, a ward will be closed completely and 

undergo a “deep clean” to remove any environmental contamination. This information is invaluable 

when attempting to understand the true distribution of infections within the hospital as wards may 

be dismissed as having no cases when in fact they are closed during this period. 

The information from these data sources were combined together to develop a historical ward list 

that would provide us with a better understanding of the temporal changes in the hospital 

environment for this project. As with any study combining numerous distinct data sources, a big 

issue observed was the wide range of nomenclature utilised within the different departments and 

attempting to integrate these in a succinct way. The name and codes used to describe wards varied 

greatly over time and between the departments; this required a large amount of manipulation to 

standardise these variables. 
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4.2 Ward Heterogeneity 

 

In this section of the chapter, we describe the heterogeneity in the general ward characteristics 

across the 72 wards in the Trust and evaluate any significant differences between the hospitals. 

Understanding the variation in ward design can help us to identify factors that may have a role to 

play in influencing the rates of infection that we observe on the wards. The number of wards 

included in the analyses was similar for each hospital; Hospital 1, Hospital 2 and Hospital 3 had 27, 

22 and 23 wards respectively giving a total of 72 wards. 

 

4.2.1 General Ward Characteristics 

 

Number of Beds 

As can be seen in Table 4.0, the three hospitals have an average number of 20 beds per ward, with a 

maximum of 34 and a minimum of 9. Hospitals Two and Three are very similar in terms of their bed 

number statistics, whereas Hospital One is quite distinctive. Hospital One has a higher average bed 

number per ward than the other two sites, whilst also having the single ward with the greatest 

number of beds of all three hospitals. Interestingly, Hospital One has a considerably greater total 

bed number with only a negligible increase in the number of wards when compared to the other two 

hospitals included in this study. 

 

 

 

 

 

Wards were grouped across hospitals by the number of beds, with the majority of wards spread 

quite evenly across the middle four groupings (11-15, 16-20, 21-25 and 26-30 beds; Figure 4.2) with 

only four wards falling into the groupings at the extremes of the range; three wards containing less 

than ten beds and one ward containing 34 beds.  

Table 4.0 Descriptive Statistics of Number of Beds per ward by Hospital 

Hospital Minimum Beds Mean Beds Maximum Beds Total Beds 

1 10 23 34 610 

2 9 19 29 412 

3 11 18 26 420 

Overall 9 20 34 1442 
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Ward Area 

The average area of the wards from the three hospitals is 719.1m2, with a maximum of 1733.7m2 

and a minimum of 287.5m2. The 72 wards vary in range from small wards (up to 600m2) to much 

larger wards (up to 1800m2) with half (55.6%) of the wards falling into the 601-900m2 grouping 

(Figure 4.3). The high number in this group could be due to a number of factors including limitations 

on ward size due to the hospital building itself and preconceived beliefs on the ideal size of ward.  

 

 

 

 

 

 

 

The number of beds on a ward does not appear to correlate strongly (correlation coefficient = 0.61) 

with the size of the ward (Figure 4.4). The 600-900m2 grouping covers a wide array of bed numbers 

from 10 to around 30 beds. The majority of wards are clustered within a small range; however there 

are five outliers which have much greater areas than the rest. These outliers show variation in their 

related bed numbers and in fact the largest ward has only 15 beds. This is below the average (n=20), 

but this may be explained by the specialised nature of the ward being an intensive care unit.    

 

Figure 4.2 Variation in Number of Beds per ward 

Figure 4.3 Variation in Ward Area  Figure 4.4 Correlation between Bed Number and Ward Area 
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Average Distance to a Clinical Sink 

A characteristic of wards that may be considered important anecdotally in ward design would be the 

distance from a bed to the nearest clinical sink. A clinical sink was defined as a sink on the ward that 

is designated for staff hand hygiene only; therefore, patient sinks or sinks for disposal of waste were 

not included. Their proximity could have an impact on HCW adherence to the hospital’s hand 

hygiene policy due to the logistical impact on their routine practice with some studies suggesting 

that sink access is an important determinant of hand-hygiene compliance.(180) In figure 4.5, we 

compare the variation in the average distance from beds to a clinical sink with single rooms and 

multi-bed bays.  

 

The average distance observed with single rooms (Figure 4.5a) appears to follow a normal 

distribution with a positive skew; the majority of wards have clinical sinks between two to three 

metres from the bed, which represents a relatively short distance for HCWs to travel from the 

patient’s bed side to the sink. Interestingly, a single ward from Hospital One has a significantly 

greater average distance of 12.89m, almost ten metres greater than the average of all values for 

single rooms. This ward provides care for private patients and this value is surprising when 

compared with another private ward on the same site that has an average distance of 2.57m.  

The average distance observed with multi-bed bays (Figure 4.5b) appears to follow a different trend 

with more wards having a greater average distance from bed to sink. Overall the average value of 

this characteristic observed with multi-bed bays (3.91m) is greater than that observed with single 

rooms (2.47m). This is what would be assumed as most single rooms have a clinical sink located 

within them whereas bays have one sink per bay. 

   

 

a) b) 

Figure 4.5 Average Distances from Clinical Sinks to Beds in a) Single Rooms and b) Multi-Bed Bays. 
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Average Distance to a Nurse’s Station 

Further to sink location, another potential factor that could influence the incidence of nosocomial 

infections is the proximity of beds to the Nurse’s station. These are predefined desks or areas within 

the ward where nursing staff are situated and often medical notes are kept. The assumption made 

for the significance of this characteristic is that patients located nearer to the nurse’s station would 

potentially have more contact with staff. In figure 4.6, we compare the variation in the average 

distance between beds to a nurse’s station from single rooms and multi-bed bays.  

 

In comparison to the sink data, the difference in average distance between a bed to a nurse’s station 

from single room and multi-bed bays is minimal, with their average values 11.2m and 11.7m 

respectively. There is greater variation observed in the distribution across multi-bed bays than in 

single rooms (Figures 4.6), with the majority of single rooms on wards falling into the 8-12m and 12-

16m groupings. In general, the location of the nurse’s station is near to the centre of most wards, 

although a number of wards have multiple stations that could influence the values. 

 

 

 

 

 

 

 

 

a) b) 

Figure 4.6 Average Distances from Beds to the Nurse’s Station in a) Single Rooms and b) Multi-Bed Bays. 
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4.2.2 Comparison of Characteristics between Hospitals 

In the above section, we described the variation in ward area across the Trust, but to understand the 

true heterogeneity of ward design we need to compare between the hospitals. In this section, we 

compare some of the key characteristics and identify significant differences between the wards 

present in each of the hospitals. 

 

Ward Area 

When we described the ward area before, we observed that almost half of the wards were located 

within the 601-900m2 grouping. However when split by hospital (Figure 4.7), it becomes clear that 

this grouping is made up mostly by wards from Hospital One and in fact, 81.5% of wards from 

Hospital One have an area between 601-900m2. Hospitals Two and Three have considerably smaller 

wards, except for a few outliers and this could be due to these hospitals being older in design. 

 

 

En-suite Facilities by Hospital 

One major issue consideration with infection control within hospital settings is the level of mixing of 

patients and the risk of environmental contamination of shared ward areas. One way to minimise 

these issues are to provide en-suite facilities in multi-bed bays and single rooms to prevent patients 

from having to use shared facilities on the main ward corridor. 

Figure 4.7 Ward Area by Hospital  



 

69 
 

Multi-bed bay Type by Hospital 

In Figure 4.8, we compare the en-suite status of multi-bed bays across the three hospitals. En-suite 

facilities in bays will be shared by all patients located on that bay and as such have less potential to 

minimise patient contact with each other. Hospital One has the highest percentages of their bays 

with 79.2% providing toilet facilities to patients. Hospital Two has exactly half of their bays with en-

suite facilities, whereas Hospital Three has only 20.6%. This potentially could be due to this being the 

oldest hospital in the Trust and therefore the plumbing infrastructure required to have toilet 

facilities in each bay may not be possible.  

 

 

Single Room Type by Hospital 

We observe a similar pattern when we consider the en-suite status of the single rooms across the 

three hospitals (Figure 4.9). Hospitals One and Two exhibit a higher percentage of single rooms with 

en-suite facilities, 88.1% and 89.9% respectively, than Hospital Three that has only 57.0%. This may 

be for the same reason as listed above in that the older construction date of the hospital buildings 

may limit the potential for toilets to be provided in all single rooms.  

 

 

Figure 4.8 Comparison of Multi-bed Bay type by Hospital 
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Interestingly however, when we break these en-suite single rooms into new categories (Figure 4.10), 

based upon whether they have toilet and bathing facilities or only toilet facilities, the pattern 

changes. This is not an arbitrary categorisation; as in the event of a patient being infectious and 

having to be isolated from the ward patient population, an isolation room must have both toilet and 

bathing facilitates for isolation to be effective. 

Of the 133 en-suite rooms in Hospital One, only 79 (59.4%) would be suitable for total isolation of 

patients. Hospital Two again has a very high percentage with 98.0% of single rooms providing toilet 

and bathing facilities. Hospital Three, which had the lowest number of en-suite rooms, in fact has a 

relatively high percentage of “isolation” rooms with 70.0% fully equipped. 

This variation in the number and functionality of single rooms across the Trust could impact the 

ability of the different hospitals in responding to situations requiring management of numerous 

infectious patients. 

 

4.2.3 Summary 

We have found that physical characteristics across wards show similarities, but when comparisons 

are made across the hospitals some striking disparities are highlighted. Ward area varies 

considerably and this is likely due to age of the hospital buildings; a factor that also may explain the 

varying number of bays and rooms with ensuite facilities. Interestingly, Hospital One has the greatest 

number of ensuite single rooms; yet it has the lowest percentage of rooms capable of being used for 

isolation of patients. 

These characteristics are useful to know when evaluating wards, however it is important we 

understand how these are influenced by the ward layout.  

Figure 4.9 Comparison of Single Room Type by Hospital Figure 4.10  Comparison of Single Room Facilities by Hospital 
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4.3 Ward Shape 

In this final section of this chapter, we appraise ward shape and attempt to categorise the numerous 

varieties into succinct classifications which we can incorporate into analyses. The first step in this 

process was deciding the best way to characterise ward shape; it became apparent that exterior 

shapes of the wards were too varied and provided less information regarding structure. Therefore, 

corridor path was used to define shape and we extracted the corridor layouts from each ward map 

created in Chapter 3 (Figure 4.11). This was undertaken by hand, however it could be automated by 

utilising pattern recognition algorithms, such as machine-learning models. 

       Figure 4.11 Example of the steps for Ward Shape Generation; in this case the ward is classed as category OTHER. 
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4.3.1 Ward Shape Categorisation 

To understand the variation in ward shape, the ward pathways were classified into nine succinct 

categories (Figure 4.12): 

 

 

 

 

 

The ward shapes vary in their complexity; including “Nightingale” wards (Category I) that contains 

one large room without subdivisions for patient occupancy and other wards with a much more 

complex layout (Category OTHER). The choice of ward shape when constructing a ward would 

depend on many factors, such as patient population, service type, speciality and the perceived best 

ward design at the time of construction. The Nightingale wards are a good example of this as they 

are quite an old ward design favoured to allow large number of patients to be observed with 

minimal staff requirements. 

Interestingly there is a significant variation in ward shape between the three hospitals (Table 4.1). 

Hospital One has a majority of “A type” wards and a number of “U type” wards, this is largely a 

factor of the main patient population being located in a cross shaped building with wards branching 

from a central transport hub (i.e. lifts). Hospital Two shows less variation as it exhibits only four 

types of ward shape with “I type” making up 59.1% of all wards. Finally, Hospital Three shows the 

most variation and includes eight ward shapes with a relatively even spread across them. 

 

 

 

 

Ward Shape A G H I O OTHER R U X 

Hospital 1 16 2 2 0 2 2 0 3 0 

Hospital 2 0 0 0 13 0 5 3 1 0 

Hospital 3 1 0 3 4 4 1 2 6 2 

Overall 17 2 5 17 6 8 5 10 2 

A G H I O OTHER R U X 

Figure 4.12 Examples of Ward Shape Categories 

Table 4.1 Distribution of Ward Shapes across the three hospitals 
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4.3.2 Comparison of Shape Categories by Characteristics 

 

The ward shape will have a large impact on the distribution of patients and may also affect the 

overall ward characteristics we discussed earlier. To evaluate this, we compared each ward 

characteristic by ward shape (Appendix X) and this is described below using plots and radar charts to 

visualise the variation. 

 

Ward Area 

Ward area changed dependent on the ward shape (Figure 4.13a), although from an operational 

point of view, it could potentially be the other way round with available ward area affecting the 

choice of ward shape to maximise the space. There was a statistically significant difference between 

ward shapes as determined by one-way ANOVA (F(8,63) = 6.739, p < 0.001).  

 

When we visualise the variation in average ward area (Figure 4.13b), we can clearly see that “O 

type” wards have a significantly greater mean ward area (1139.8m2) when compared to other types 

such as “I type” (542.4m2) and “X type” (413.4m2).  

 

Multi-Bed Bays 

There was no clear pattern when the number of Multi-bed Bays per ward were compared between 

the ward shape types (Figure 4.14a), with analyses showing no statistically significant difference.  

Figure 4.13 a) Plot of Ward Area (m2) by Ward Shape; b) Radar distribution showing Variation in Average Ward Area (m2). 
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The radar distribution (Figure 4.14b) shows that most of the shape categories share a similar mean 

value and although “H type” and “R type” show some variation from the rest, as stated it was not 

statistically significant.  

 

Single Rooms 

 

 

There was noteworthy variation in the number of single rooms which were present on the wards; “O 

type” wards had a considerably greater mean of 8.5, whereas “U type” wards had only 3.6 (Figure 

4.15b). Comparing the radars for Multi-bed bays and Single Rooms, we can see there is a higher level 

of variation in the prevalence of Single Rooms on wards. This difference further shows that, in this 

Figure 4.14 a) Plot of Number of Multi-bed Bays by Ward Shape; b) Radar distribution showing Variation in Average 

Number  of Multi-bed Bays 

Figure 4.15 a) Plot of Number of Single Rooms by Ward Shape; b) Radar distribution showing Variation in Average 

Number of Single Rooms. 
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Trust, Single Rooms are sparsely available; this will directly hinder infection control measures as it 

limits the potential for patient isolation.  

 

Isolation Rooms 

 

 

As defined earlier in the chapter, for a room to be deemed suitable for isolation it requires bathroom 

and shower facilities to enable a patient to remain separate from the rest of the ward. The radar 

(Figure 4.16b) shows increased variation than seen with just Single Rooms, with the differences 

between groups being statistically significant; one-way ANOVA (F(8,63) = 2.152, p < 0.05). 

Interestingly, rooms adequate for use for isolation are on average seen less often on “A type”, “I 

type” and “U type” wards which make up 61.1% of all of the study wards. This suggests that 

currently “Isolation rooms” are more commonly found on specialised wards rather than more 

generalised wards.  

 

Number of Beds per ward 

Surprisingly, the ward shape category appears to have little impact on the bed number observed per 

ward. “X type shows a lower average number than the others (Figure 4.17b), however this did not 

prove to significant when analysed, one-way ANOVA (F(8,63) = 1.960, p < 0.07). 

 

Figure 4.16 a) Plot of Number of Isolation Rooms by Ward Shape; b) Radar distribution showing Variation in Average 

Number of Isolation Rooms. 
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Distance from Patient Bed to nearest Clinical Sink 

One characteristic thought to be of importance was the distance between patient beds and the 

nearest clinical sinks, however it did not show any significant differences between ward shapes 

(Figure 4.18b). 

 

 

This may be do a masking effect of the single rooms, in which clinical sinks are often located 

extremely close to the beds. When the distances are separated for just multi-bed bays, we find a 

significant difference between average distances observed for the ward shapes; one-way ANOVA 

(F(8,63) = 2.337, p < 0.03). 

 

Figure 4.17 a) Plot of Number of Beds by Ward Shape; b) Radar distribution showing Variation in Average Number of Beds. 

Figure 4.18 a) Plot of Distance from beds to nearest clinical sink by Ward Shape; b) Radar distribution showing Variation 

in Average Distance from beds to nearest clinical sink. 
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Distance from Patient Bed to Nurse’s Station (NS) 

Most of the ward shapes had similar average distances from the patient beds to the nurse’s station 

(Figure 4.19b), however “A type” and “G type” wards showed significantly greater averages, one-

way ANOVA (F(8,63) = 4.699, p < 0.001).  

 

 

This suggests a potential impact on patient and nurse contact depending on the shape of the ward. 

When this is further broken down into distances for Multi-bed Bays and Single Rooms, as with the 

bed to sink distances, we see a scenario in which the bays show significant variation (p < 0.003) but 

the Single Rooms do not (p = 0.27). 

 

4.3.3 Summary 

This work has provided some interesting outputs regarding how ward shape can affect ward 

characteristics, such as ward area, possibly due to the age of the building. There was also statistically 

significant variation in the presence of single and isolation rooms across different ward shapes. A 

trend that arose when looking at distances within the wards was that ward shape has a greater 

effect on these measures for multi-bed bays rather than single rooms. This suggests a variability that 

may need to be addressed within infection control measures to ensure adequate impact across the 

ward. 

 

 

Figure 4.19 a) Plot of Distance from beds to nurse’s station by Ward Shape; b) Radar distribution showing Variation in 

Average Distance from beds to nurse’s station. 
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4.4 Discussion 

The aim of this section was to familiarise the reader with the heterogeneity of the wards and the 

variation in key ward characteristics. The study found that there is considerable disparity between 

wards within the three hospitals, especially when broken into their ward shape categories. Hospital 

design is a complicated procedure and over time the perceived best ward design will change given 

the current guidelines and evidence. For most hospitals, options are limited as they are not able to 

simply build entire new buildings and commonly they will need to renovate and reuse the same 

wards for different specialties over time. 

 

4.4.1 Single Rooms 

An issue that may affect the ability of a hospital to respond to an infection control issue is the 

dominant ward shape it exhibits. Hospital one has a majority of “A type” wards, Hospital Two has a 

majority of “I type” wards and Hospital Three has a wider variation of ward types (Table 4.1). This in 

turn has an effect on ward facilities; with the “A type” wards having 98 single rooms on them, yet 

only 43 of these have WC and shower facilities and thus can be utilised to totally isolate a patient. 

This can be compared to “H type” wards that have 35 single rooms and 32 of these are possible 

isolation rooms. These ward shapes are distributed across specialties and therefore the impact on 

ward usage in the event of an outbreak scenario will vary greatly depending on the ward design. 

Average bed number was not significantly different across ward shape categories, so it is possible 

that whilst shape does not define the bed number it does impact on the choice of multi-bed bays 

versus single rooms. 

  

4.4.2 Inter-ward Distances 

The review of the literature in Chapter 2 suggested a number of our characteristics that may be of 

particular interest; average distances between the patient beds and clinical sinks and nurse’s 

stations. A practical assumption is that the location of clinical sinks can have a direct effect on their 

usage as people tend to utilise facilities that are closest to their work area. In the same manner, 

patients who are located closest to the nurse’s station are likely to have greater interaction with 

staff. Furthermore, as the nurse’s stations are most often located at the entrance to the ward, 

patients in its proximity may in effect have increased contact with other visitors to the ward. 
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 I found that whilst there was no significant disparity between ward shape groups in terms of 

average distance between beds and clinical sinks in general, this was not the case for multi-bed bays. 

As single rooms will often have a clinical sink located either within the room or directly outside it is 

probable that we would see little variation in these distances. This masks the levels observed when 

looking at the ward in general and focusing purely on distances from multi-bed bays to clinical sinks 

provides a significant variation between shapes (p < 0.03). This suggests that staff working in 

different multi-bed bays may experience a fluctuating ability to find a suitable sink nearby depending 

on the overall ward shape. 

Similarly, the same masking effect is observed with the distance between nurse’s stations and 

patient beds; with multi-bed bays seeing significant variation between groups (p < 0.003). As 

aforementioned, the nurse’s stations are commonly located in proximity to the ward entrance in a 

centralised position (Figure 4.20). As shape changes, we see considerably greater average distances 

for some wards; “G type” and “A type” have averages of 20.25m and 16.20m, compared to “I type” 

that has an average of 9.62m. 

 

 

 

 

 

 

 

 

 

 

4.4.3 Limitations 

One limitation to this study was being unable to incorporate hand gel sanitizer locations into the 

dataset. This decision was made due to a number of factors identified during the visual ward 

surveys; capturing this information would be more difficult due to the “temporary” nature of their 

locations. The dispensers are often located at the end of beds or by ward entrances, however they 

*not to scale 

Figure 4.20 Visualisation of Nurse’s Station location relative to rest of ward.  

I Type A Type G Type 
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can be moved over time and also may run out, meaning that they are no longer operational. Whilst 

it is also possible for clinical sinks to become inoperable it will happen to the dispensers on a much 

greater frequency. Due to this, it was felt that the usefulness of this data in regards to evaluating the 

impact of ward layout would be limited. 

The study outcomes will also be affected by the changes in ward layouts over time; a number of 

wards underwent minor and major renovations during the study period. To address this, ward 

layouts were selected for a period of time in which we can confirm all the wards were accurately 

represented in our data and any maps directly affected by changes were excluded. This effect, whilst 

important to be recognised, should have had a minimal effect on our outcomes as it was a relatively 

small number of wards. 

This work is limited in its generalisability as ward shapes and definitions are site specific and whilst 

the work presented in this chapter may not be applicable to all scenarios, it can provide a novel level 

of detail regarding the impact of ward design and suggest potential evaluations that can be 

undertaken to better understand the hospital environment.    

 

4.4.4 Future Work 

This study produced a number of interesting discoveries, but there is more that could be done in the 

future including, but not limited to: 

• Prospective studies looking at distinct time periods incorporating hand gel sanitizer 
locations. 

• Comparisons of ward characteristics pre and post major renovations and how that affects 
patient safety. 

 

4.4.5 Summary 

This chapter has shown a wide range of heterogeneity between wards and hospitals that could 

suggest potential unseen factors for disparities in the observed rates of nosocomial infection 

between different wards when other factors such as speciality and patient population characteristics 

are taken into account. Having access to this information can allow researchers to understand the 

study area and ensure that any important factors are taken into account. 
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This study has provided important variables for the analyses in Chapter 5 that will incorporate 

infection rates for a number of HCAIs; moving beyond normal ward characteristics to introduce the 

spatial elements of ward layout. 
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Chapter 5: Application of Ward-Graph Analysis to Evaluate the 

Impact of Ward Design 

 
 

Summary 

 

Furthering the work undertaken in Chapter 4, this section incorporates the ward characteristics 

whilst introducing the more complex element of the physical ward layout. The work attempts to 

identify key structures within the wards and quantify their potential impact on the incidence of 

HCAIs. This includes physical rooms, their connectors and movement pathways. The subgraph 

analysis undertaken was utilised in a novel way and suggest there is further scope for its application 

within settings such as these.  

 

5.1 Background 

 

Hospital Design 

Hospital and, by extension, ward design is an area of increasing interest within national health 

services as budgets are continuously decreased and space utilisation must be maximised. The 

approach to design and the evidence base is constantly changing over time and thus there needs to 

be consideration on future flexibility of hospitals as requirements change. It has been reported that 

it can take a new hospital build between four and seven years to move from initial concepts to the 

operations being commissioned.(181) The timing of this process means that the ward and wider 

hospital layouts could become obsolete unless regular reviews are held to update them to the most 

recent guidelines. 

There is no “one size fits all” model that will suit all hospitals; care must be taken to evaluate the 

requirements of the local patient populations and the frontline HCWs. The provision of single 

occupancy patient rooms compared to traditional Nightingale wards or multi-bed bays is an area of 

great debate. Practical knowledge and logical reasoning suggest that single rooms would help in 

reducing the incidence of HCAIs, however there are other factors that may affect their suitability.(181) 

A report on ward design produced for NHS England Estates suggested there were four major factors 

that would assess the functionally of hospitals with a majority of single rooms: 
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• Scientific evidence on potential effects on care of patients 

•  Responsiveness to local population and their cultures 

• Operational needs and demand on services 

• Economic considerations of changing NHS budgets(181) 

 

NHS guidelines for the ratio of single rooms in new build hospitals is set at a minimum level of 50% 

and the extent of increase in this level will vary between hospitals dependant on the core services 

being provided; a rural hospital will require a different structure to that of an urban hospital with key 

specialisations of services. The role of single rooms in preventing HCAIs has not been proven by 

randomised control trials; however some evaluative studies have been undertaken to assess the 

impact. Once such study describes the impact of moving to an all single room hospital; finding that 

whilst patients preferred single rooms, staff preferred a mix of bays and single rooms.(182) They also 

found that whilst costs of maintaining single rooms were higher initially, this was negligible over 

time. 

Whilst these targets are useful for new build hospitals, it is much more difficult for existing hospitals 

to attempt to provide more single patient accommodation. As shown in the previous chapter, there 

was significant variation in the ward design and characteristics between the hospitals in this study 

area. The hospitals vary in age of construction and have undergone numerous renovations over the 

years to adjust to the dynamic changes in clinical requirements. However, the impact of changing 

ward layouts and the importance of specific internal ward structures in the incidence of infection 

has, yet, to be assessed.  

To evaluate these issues we employed a hedonic approach, adopted from economics, in which the 

trust-attributable infection rates of individual wards are compared by various physical attributes of 

those wards. This work follows the process undertaken by Takizawa et al., who evaluated its 

application in evaluation of variation in rental prices dependent on room layout.(194) In this study, the 

infection rate can be viewed as the outcome, equivalent to value in economics; and the ward 

features are the attributes that change that value. Then as in common analytical studies, these ward 

feature can be analysed for their specific impact on our outcome. 

In this hedonic approach, the infection rate is utilised to evaluate the importance of attributes such 

as the occupied area, the average distance from beds to sinks, the number of beds, facilities, etc. on 

any increase in infection.(183, 184) These variables directly affect the functionality of a ward, suggesting 

they could be critical in any evaluation of the impact of ward design; however they are underutilised 
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in conventional research. In most previous studies more generalised characteristics have been 

considered; these include the room type (i.e. bathroom), room area (in square foot or metre) and 

room layout (location and proximity of furniture).(185) 

 

Data Mining  

Further to the physical ward characteristics, the ward layout can be transformed and described in a 

graphical format and this allows data-mining to be applied; a computational approach to discover 

patterns within large complex datasets. It is a methodology that has often been used for analysis of 

structural design and thus is common in urban planning.(186-188) However as the field of 

bioinformatics has expanded rapidly, producing levels of data at considerable sizes, data mining 

research has grown in parallel.(189) 

Perhaps due to the complexity of the structural graph data, it has not commonly been incorporated 

in routine statistical analyses, which utilise data in tabular formats. However, in recent years, new 

methodologies and algorithms for data-mining have expanded its application to much more complex 

data, such as text and graph analysis.(185) These new techniques of evaluating graph structures has 

led to the creation of a subset of algorithms and methods under the class of graph mining.(190-192)  

These graph mining techniques have been applied in studies evaluating gene and chemical structure, 

as well as, larger network analyses; although it’s use in building design is novel. Furthermore, in 

previous studies investigators typically analysed the spatial variation in graphs using classification of 

space by graph topology and the categorization of layouts by several indicators of graphs.(193) One 

study that highlighted the possible use of these techniques and provided a guide to an analytical 

approach applied these techniques to evaluate how apartment layout affects rent prices. (194) 

With the maps created in this project it was possible to quickly produce graphical representations of 

the wards for analysis and this kind of analysis has never been attempted within healthcare settings. 

 

Aims and Objectives 

Using data and graph mining techniques on the infection and mapping data of wards across the 

ICHNT, I attempted to define the relationship between ward layouts and infection rates and to 

develop a model with a high level of accuracy for the prediction of the impact of ward substructures. 

This study will help advise architects on potential elements of ward design that could impact on the 

risk level of HCAIs for patients. 
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5.1 Data 

 

Utilising the ward floor plans created previously in Chapter 3, we were able to quickly produce 

images of ward layouts and limited the space for investigation to the clinical rooms of wards. This 

segregation was undertaken due to a lack of information regarding of non-clinical areas and the 

minimal involvement of these rooms in patient care. Room-types were distinguished from the maps 

with patient bedrooms defined by the shape and number of beds; single room, four bed bays, etc. 

Any analyses can be hindered by a limited level of variation in graph structure; however the 

complexity of included ward layouts is significant and suggests it should be rich enough. 

Infection data were obtained from IPC team at ICHNT and cleaned to provide us with a dataset of 

Trust-Attributable (TA) infections by ward. The definition criteria for an infection being trust-

attributable varies by organism and the data provided were defined using NHS Trust guidelines 

correct at time of the time of reporting. This was aggregated data on nosocomial infections between 

2009 and 2014; focusing on Staphylococcus aureus (both MRSA & MSSA), Clostridium difficile and 

Escherichia coli.  

 

5.2 Generation of Ward Data 

 

Updated floorplans of all wards were created for the time period of the infection dataset to ensure 

and temporal changes in layout were taken into account. The information extracted from the maps 

as described in the previous chapter were used to create the variables hereafter defined as “Ward 

Characteristics” data. Table 5.0 shows the numerical and categorical attributes that were identified 

in Chapter four and gives a brief explanation. These data were used to evaluate the impact of key 

characteristics on the incidence of HCAIs on the wards included in the study. 

Characteristic Description Minimum Maximum 

Area (m2) Internal Ward Area 287.5 1773.7 

Number of Multi-Bed Bays Shared patient accommodation 0 7 

Number of Single Rooms Single patient accommodation 0 19 

Number of Isolation Rooms Single Rooms capable of use for isolation 0 19 

Number of Beds Total number of beds per ward 9 34 

Av Distance from Bed to Clinical Sink (m) Av Distance between beds and clinical sinks  1.5 12.9 

Av Distance from Bed to Nurse’s Station (m) Av Distance between beds and nurses station 6.6 22.1 

Table 5.0 Description of included ward characteristics and their minimum and maximum values 

 

Characteristic Description Minimum Maximum 

Area (m2) Internal Ward Area 287.5 1773.7 

Number of Multi-Bed Bays Shared patient accommodation 0 7 

Number of Single Rooms Single patient accommodation 0 19 

Number of Isolation Rooms Single Rooms capable of use for isolation 0 19 

Number of Beds Total number of beds per ward 9 34 

Av Distance from Bed to Clinical Sink (m) Av Distance between beds and clinical sinks  1.5 12.9 

Av Distance from Bed to Nurse’s Station (m) Av Distance between beds and nurses station 6.6 22.1 

 Table 1 Description of included ward characteristics and their minimum and maximum values 
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Generation of Ward Graphs 

 

Initially there was an attempt to utilise copies of the ward maps in their native jpeg format to create 

the graph layouts, however due to the complexity of the layouts, they could not be incorporated 

directly. Ward layout images were transcribed into labelled graphs by hand and used to construct 

ward layout graphs. Figure 5.0 shows how a ward layout was converted into a graph which 

symbolises room types and paths between ward spaces in a simplified way. These subgraphs were 

combined to create a simple undirected graph; each vertex indicates a specific ward environment 

and an edge represents their connective relationship. These relationships have a label denoting what 

type of partition exists between the two vertices, i.e. doors. 

Below is an explanation of the room and connector types identified that make up the general 

configuration of the wards being studied. 

 

Room Types 

3b : a 3 bed bay. This was a ward space which had 3 beds capable of occupancy by patients. They 

may be partitioned from the main ward by a permanent door or temporary partition. 

4b : a 4 bed bay. This was a ward space which had 4 beds capable of occupancy by patients. They 

may be partitioned from the main ward by a permanent door or temporary partition. 

6b : a 6 bed bay. This was a ward space which had 6 beds capable of occupancy by patients. They 

may be partitioned from the main ward by a permanent door or temporary partition. 

e : an entrance to the ward. This was included even if an entrance to a ward is without a physical 

barrier/door.  

n : a nurses’ station. This was classified as the main area at which the HCWs congregate and often 

where patient records etc. were kept. Depending on the size of the ward, there may be multiple 

nurses’ stations in a single ward. 

r : a patient room. This was a smaller ward space which is used for the occupancy of a single patient. 

t : a toilet vertex. This was used to identify both toilets and bathrooms. Shower rooms were 

identified separately. 
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Figure 5.0: Stepwise example of Ward-graph Generation: 
1. Select Ward Map  /  2.Define Ward Spaces  /  3.Define connections  /  4.Final Ward Graph 

 

Figure 1: Stepwise example of Ward-graph Generation: 
1. Select Ward Map  /  2.Define Ward Spaces  /  3.Define connections  /  4.Final Ward Graph 
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s : a shower vertex. This was used to identify a room with shower facilities, this included en-suite 

shower suites.  

w : This signifies a ward environment; this may include a corridor or open space. The utilisation of 

this classification was important to allow differentiation between ward layouts. 

 

Connector Types 

The distinction of connections between wards fell into two kinds of edges; it should be noted that an 

edge is left unlabelled if there was no physical partition between two vertices. 

d : was a door.  

l : was a lobby. A lobby was an area between two doors at the entrance of a single room, often used 

for infection control purposes. 

The lobby was defined as an edge rather than a vertex as it is deemed to affect movement more 

than act as a commonly used ward space. 

 

Graphs were created for all wards included in the study and Figure 5.1 shows examples of the 

variation in complexity in ward graph structure across the hospitals. 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 5.1: Examples of Variation in complexity of Ward Graph Structure; note- not to scale 

 

Figure 2: Examples of Variation in complexity of Ward Graph Structure; note- not to scale 
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There were significant differences within and between the hospitals (Table 5.1); Hospital One 

showing a higher level of complexity with an average number of vertices and edges of 29. Whereas 

Hospital Two showed the lowest maximum numbers of vertices and edges of 35 and 34 respectively; 

this was most likely explained by Hospital Two having a majority of wards with the shape “I type”, as 

described in the previous chapter. This ward shape was seen to have much less complex layouts as 

the rooms are mostly aligned along a central corridor.  

 

 

To understand the impact of these layouts, it was necessary to break the complex structures down 

into smaller “subgraphs” and evaluate each to determine their importance. 

 

5.3 Detecting frequent ward subgraphs 

 

The smaller subgraphs were identified using a graph mining algorithm known as FSG presented by 

Kuramochi et al.,(191) and they were broken into categories based upon their complexity. FSG is one 

of a number of apriori-based graph mining algorithms, including gSPAN.(190, 192) FSG was selected as it 

appeared to be the most suitable for application within our study setting. Due to the diversity of 

ward layouts, it was important that we identified rarer subgraphs with smaller frequency rather than 

just the most common. Therefore the minimum support level was set at 10%; this relates to a 

subgraph being present within at least 10% of our dataset. 

This approach effectively took each ward graph and sequentially removed a vertex in a “n-1 

approach” until every possible subgraph had been identified. This information was then transformed 

to create the “Subgraph data”; in which each ward was assigned a value of either 0 or 1 depending 

on whether the subgraph in question is present. These categorical variables were evaluated to see if 

they arose within other ward graphs at the required level of occurring in at least 10% of all our ward 

graphs. If they were not supported, then they were dropped and only those defined as “frequent” 

were reported. 

Site Edge Minimum Edge Mean Edge Maximum Vertex Minimum Vertex Mean Vertex Maximum 

Hospital 1 12 29 44 9 29 45 

Hospital 2 8 21 34 9 23 35 

Hospital 3 7 20 38 8 21 40 

Overall 7 23 44 8 24 45 

Table 5.1 Intra-hospital disparity in graph structure 

 

Table 3 Intra-hospital disparity in graph structure 
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The result was a selection of 756 subgraphs that were extracted and categorised based upon their 

complexity; this was defined by the edge number. Figure 5.2 shows an example of seven of the 

frequent subgraphs in the 2 edge category; their Graph ID contains a prefix defining the number of 

edges. 

 

 

 

  

 

 

 

 

 

 

 

 

 

 

 

5.4 Emerging Pattern Analysis 

 

To examine the association between subgraphs and infection, the study employed Emerging Pattern 

(EP) analysis,(193) which enables the discovery of significant subgraphs from within the large number 

of subgraphs identified in the last step. An EP is a variable whose presence increases significantly 

from one dataset to another, thus identifying those that are typical in the specific class. The impact 

of subgraphs can be assessed using a measure known as the growth rate (gr), this quantifies the 

degree of significance of EP.(193) 

 

Figure 5.2: Examples of 2 edge category Frequent Subgraphs 
Figure 2: Examples of Variation in complexity of Ward Graph Structure; note- not to scale 
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5.4.1 EPs using Infection rate data 

At first we examined the EP for the infection rate and the first step was to sort the wards into 

classifications depending on their levels of TA infections. The wards were classified for each 

organism and then for their overall infection numbers, the latter was used as it provided larger 

numbers for our analyses. The wards were divided into two classes H and L, with class H including 

wards whose infection rate fell into the upper half and class L those that fell into the lower half 

(Appendix 2). It should be noted that a “High” value for infection rate was defined simply from the 

variation in our dataset and as such does not suggest any specific failings in infection control. The 

classes were defined to attempt to achieve an even divide and as such a total of 36 wards were 

included in class H and 41 wards were in class L (Table 5.2). 

 

 

 

 

 

 

 

5.4.2 EPs for Classes L and H 

 

As aforementioned, EP analysis identifies subgraphs that are more likely to occur within one class 

rather than another. Thus, in this study, we were able to compare the presence of particular 

subsections of the ward layouts between wards with high and low reported levels of TA infections. 

Figures 5.3 displays the subgraph layouts for the top three Eps for class L along with their related grs. 

The fraction in the figure is defined by: 

“Number of wards with subgraph in class L / Number of wards with subgraph in class H” 

 

 

 

 

Organism L class value Number of Wards H class value Number of Wards 

MRSA&MSSA 0 39 ≥1 38 

CDI <2 33 ≥2 44 

E.coli 0 42 ≥1 35 

Total ≤3 41 >3 36 

Table 5.2 Definitions for L and H classes, by organism. 

 

Table 3 Intra-hospital disparity in graph structure 

2-7 
31/14 gr= 2.39 

1-3 
34/27 gr= 1.28 

2-16 
25/9 gr= 2.94 

Figure 5.3: Subgraphs with the top three Emerging Patterns for class L. 
Figure 2: Examples of Variation in complexity of Ward Graph Structure; note- not to 
scale 
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The EPs for Class L contain graphs 2-7, 1-3 and 2-16; these relate to a single room with an ensuite 

shower connected to the ward environment, a single room near to a nurse’s station and a four-bed 

bay with an ensuite toilet, respectively. In Figure 5.4, the top EPs for Class H are displayed; 5-10, 1-5 

and 2-6. These relate to four adjacent four-bed bays, a six-bed bay and finally a more complex ward 

structure containing multiple multi-bed bays and a nurse’s station. In this case the fraction is 

inversed to compare number of wards with subgraph in class H over the number of wards with 

subgraph in class L. 

 

 

 

 

 

 

 

The gr tends to increase as the subgraphs become more complex, likely due to the fact the number 

of wards on which they are present decreases making any variation more significant. Also, in general 

the grs of EPs for the lower class are larger than those observed for the higher class. This variation 

was not significant, however it could imply that the presence of some of the ward subgraphs may 

have a negative influence on the infection rate. 

 

5.4.3 EPs for the extremes in our dataset 

Wards whose infection rate is close to the average may create a masking effect which obscures the 

true influence of certain subgraphs on the infection rate.(194) Therefore we separate the wards 

further by creating new classes based on the extremes in our dataset. These classes are LL and HH, 

which contained the lower half of class L and upper half of class H respectively. The numbers of 

wards in the classes HH and LL for total infections were 19 and 20, respectively (Table 5.3).  

 

 

 

5-10 
11/7 gr= 1.64 

1-23 
14/10 gr= 1.48 

5-6 
3/1 gr= 3.12 

Figure 5.4: Subgraphs with the top three Emerging Patterns for class H. 
Figure 2: Examples of Variation in complexity of Ward Graph Structure; note- not to 
scale 
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Following the same process, we evaluated subgraphs for their presence within wards in these classes 

and found that fewer subgraphs were identified as having significant EPs. From these observations, 

we obtained the conclusion that the existence of a large number of multi bed bays close to the ward 

entrances seemed to have a negative influence on the infection rate. In comparison as number of 

single rooms close to a nurses station increased there was a slight reduction in the number of 

infections. 

 

5.5 Infection rate prediction 

 

5.5.1 Method 

In this study, infection rate prediction models were derived from the ward characteristics data and 

subgraph data. Categorical variables, such as ward shape, were transformed to Boolean variables, 

and numeric variables were normalized to the range [0, 1]. 

Three rate models were created using different datasets: 

- Model 1: Ward Characteristic Data 

- Model 2: Subgraph Data 

- Model 3: Combined Ward Characteristic and Subgraph Data  

 

As the number of subgraphs was significantly larger than the number of wards, we needed to select 

only those subgraphs that were significant. To do this, we followed the process defined by Takizawa 

et al., and applied a correlation-based feature subset selection (CFS) method(195) with best-first 

search whose terminate condition was five consecutive non-improvements on backtracking.(194) The 

outcome of this work was a selection of 37 ward subgraphs that appeared to have significant EPs 

Organism LL class value Number of Wards HH class value Number of Wards 

MRSA&MSSA 0 39 ≥2 17 

CDI 0 23 ≥3 30 

E.coli 0 42 ≥2 22 

Total ≤1 20 ≥7 19 

Table 5.3 Definitions for LL and HH classes, by organism. 

 

Table 3 Intra-hospital disparity in graph structure 
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between the classes and these were used for infection rate prediction; subgraphs are shown in 

Appendix 4.  

The infection rate prediction models were created using ridge regression.(196)  

“Ridge regression is an extension of classical linear regression that avoids multicollinearity by adding 

the term of squared sum of partial regression coefficients to the original error minimization criterion 

with ridge parameter λ which controls the relative importance of both criteria” 

While explanatory variables that are highly correlated are generally eliminated by stepwise 

regression or cause failure of regression models, ridge regression can use correlated variables at the 

same time. This was a major strength of this approach as we could evaluate the influence of all 

explanatory variables. 

Prediction precision was evaluated by multiple correlation coefficients (MCC) and the mean absolute 

error (MAE) between actual and predicted infection rates derived from leave-one-out validation. In 

the study λ was determined in the preliminary experiment with Model 1 by trial and error; the initial 

values was set to be 0.01 and was adjusted and retested repeatedly until the there was no 

improvement in precision. 

The data used to define the infection levels were trust-attributable infection numbers provided by 

the IPC team; a period of April 2012 to September 2013 was selected as this had the highest level of 

completeness. The data is summarised in Table 5.4 by hospital, however the data were held by ward 

to allow us to carry out the analyses.  

 

 

 

 

 

 

 

 

5.5.2 Results 

Table 5.5 shows the prediction accuracy of three models. Model 2 had a lower MCC and higher MAE 

suggesting that ward subgraph data alone cannot explain the variation in infection numbers 

observed between wards. Model 3 which used both of the ward characteristic and subgraph data 

Site ID MRSA/MSSA C.difficile E.coli Total 

Hospital 1 18 73 21 112 

Hospital 2 32 77 44 153 

Hospital 3 20 58 18 96 

Total 70 208 83 361 

Table 5.4 Number of Trust Attributable infections by Site and Organism, Apr12-Sept13 
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shows the highest predictive accuracy (69.2%). This implied that we strengthened our model by 

incorporating both forms of data and that ward layout appeared to have a possible effect on 

infection rate.  

 

 

 

We then categorised the attributes influencing infection rate in a positive or negative manner using 

the partial regression coefficients of Model 3. Tables 5.6a and 5.6b show attributes that had the six 

highest or lowest coefficients respectively; these were the ward attributes that were found to have 

the most significant impact within the model. A positive coefficient was associated with an increase 

in the outcome of interest, in this case predicted infection number; consequently, attributes with a 

negative coefficient were suggested to have a protective effect. 

 

 

 

 

5.5.3 Detrimental Ward Attributes 

Among the six attributes showing the highest positive coefficients, two attributes are subgraphs; 

these were denoted by ** in Table 5.6a. The single greatest factor was identified as the number of 

beds on the ward, this was perhaps expected to play a part due to an increased number of patients 

Prediction Accuracy Assessment 

 Characteristic Model Subgraph Model Combined Model 

Multiple Correlation Coefficients (MCC) 0.612 0.567 0.692 

Mean Absolute Error (MAE) 4 5 3 

Variable Coefficient 

(2-7) Single Room with En-suite Shower  ** -1174.2 

Number of Single Rooms -981.4 

Clinical Sink to Bed Ratio -632.1 

Number of En-suite Rooms -410.3 

(1-3) Single Room next to Nurses Station ** -293.3 

(2-16) 4 Bed Bay with En-suite Toilet  ** -94.2 

Variable Coefficient 

Number of Beds on Ward 1231.4 

Care Level 922.6 

Ward Shape A 884.3 

(5-10) 4 Adjacent Multi-bed Bays  ** 740.9 

(1-6) Non En-suite 6 Bed bay  ** 613.1 

Av. Dist from Bed to Clinical Sink 442.2 

Table 5.5 Prediction Accuracy of the three models using Whole Dataset 
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Table 5.6 a) Positive and b) Negative Partial Regression Coefficients of Ward Attributes. 

 

Table 3 Intra-hospital disparity in graph structure 

a) b) 



 

96 
 

sharing a ward environment and interacting. Care level was significant; this may be explained by 

patients having more severe morbidity and invasive treatments that would increase the risk of 

contracting an infection. 

Of interest was the presence of Ward Shape A in the top six variables with a detrimental influence, 

this ward shape was predominantly found in one hospital in the trust. An increase in infection 

number was associated with an increase in the average distance from patients’ beds to clinical sinks. 

The two ward subgraphs identified related to 4 adjacent multi-bed bays and a six bed bay without 

en-suite facilities. Their coefficients were lower than some of the ward characteristics however they 

still appeared to have a role to play in the model. 

 

5.5.4 Beneficial Ward Attributes 

Of the top six variables returned, half were subgraphs (Table 5.7b). Number of single rooms and en-

suite rooms were high in the list and these have been suggested as potential influencers based on 

anecdotal evidence from care providers and the literature. The ratio of clinical sinks to beds showed 

a strong negative coefficient; meaning as the ratio increased, there was a decrease observed in 

predicted trust attributable infection numbers. 

The three subgraphs in the top six list overlapped slightly into two main categories; single rooms and 

the availability of en-suite facilities. A single room next to a nurse’s station was shown to have a 

beneficial effect and this may be due to increased visibility of the patient to staff. A single room with 

an en-suite shower had the greatest coefficient; the presence of these facilities allows the complete 

isolation of a patient from others on the ward. Finally, a four bed bay with an en-suite toilet was 

identified as significant and again these facilities allow a decreased level of interaction between 

patients on the ward. 

While attributes concerning single rooms, internal distances that would be expected to have an 

impact, there were a number of subgraphs with significant coefficients. From these results, we could 

confirm there appears to be an influence of ward layout on predicted infection number. 

 

5.6 Discussion 

 

In this chapter, we tried to evaluate the association between ward layout and infection rate using 

subgraph analysis and recurring subgraphs were discovered in the wards within the ICHNT. These 
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subgraphs were assessed for their correlation with infection rates and used within regression models 

to identify potentially significant subgraphs. 

It is worth noting that none of the models has a MCC greater than 70%. Whilst this may seem low, it 

should be noted that HCAI dynamics are multi-faceted and thus there are a number of influencers 

that we were unable to combine into our models. However, the combined model 3 showed an 

increase in predictive accuracy that shows the value in incorporating these data; furthermore, this 

argument is strengthened by the fact that five of the 12 top identified variables were subgraphs. 

The subgraphs that were found to have the largest coefficients match those found to have 

significant growth rates when comparing High and Low wards. This shows that even carrying out the 

initial EP analysis could identify potentially significant areas of the wards; the ridge regression then 

provides a means to quantify the possible impact they have on HCAI dynamics. 

As part of this study, we carried out the analyses with the infection data split into the three main 

organisms to check for variation between organisms. Whilst some differences were observed for 

each organism, the models had low predictive accuracy. These may be strengthened by 

incorporating more data; however, this was limited by the completeness of the data and the period 

of which we can confirm we have accurate maps.  

 

5.6.1 Future Work 

 

There are a number of ways that this work could be advanced if further steps were taken: 

• By increasing the amount of trust-attributable infection data that is utilised, it would be 

possible to strengthen the models and improve their accuracy. 

• Other potential influencers could be incorporated into the models, such as locations of sinks 

and hand gel sanitisers on the graphs. However, the increase in complexity could make the 

models more difficult to run; thus, a balance needs to be found. 

• The ward subgraphs identified in this work should be directly analysed for their impact on 

HCAI transmission. Studies could be designed to enable comparisons of wards with varying 

ward characteristics and layouts. 

• Repeating this study in another hospital trust would allow us to assess unknown 

confounders and see if the same pattern is observed. 
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5.6.2 Summary 

 

In chapter 4, we evaluated the variation in ward design from basic ward characteristics and 

suggested this may need to be understood further. In this chapter, we have advanced on this 

premise and undertook novel analyses to identify significant subgraphs and attempt to quantify their 

impact on predicted infection numbers. However, this study is unable to say there is a definite 

association and it needs to be repeated elsewhere to allow comparisons of the results. 

It has been shown that we are able to evaluate the impact of the layout and ward design; in the next 

chapter, we appraise the larger hospital design and specifically patient movement between wards. 
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Chapter 6: Characterising Patient Flow throughout the Ward 

Connectivity Network 

 

Summary 

 

In the previous chapters we assessed how existing data can be used to gain additional information 

about the impact of the physical ward layout and design. The work undertaken in Chapter 4 that led 

to the development of a cleaned historical ward list and ward nomenclature standardisation allowed 

easier cleaning of data and enabled the linkage of wards over time.  

This chapter focuses on attempting to understand how patient movement ties wards together and 

consequentially how these ties can be limited. It describes the methods used to construct a defined 

ward network within the ICHNT trust and individual hospitals to understand patient flow between 

them. Whilst the methods are common within other fields, their application at the individual 

hospital level is a new concept; the work allowing the visualisation of the hospital network and 

analysis to identify key wards.  

 

6.0 Background 

 

Social network analysis has been used to evaluate the associations between individuals within 

populations to better understand the dissemination of behaviours, ideas(197-201),diseases(197, 202-204) 

and disease control measures.(197, 200, 203)
 However, to our knowledge this is the first study to apply 

network analysis within hospitals to understand how wards and hospitals within one trust (or 

hospital group) are interconnected through patient sharing. Patients who seek treatment in 

hospitals often require movement between wards during their stay as part of their normal care 

pathway. Little work has been undertaken to fully understand how patients move through hospital 

buildings and how this flow may impact both service provision and infection transmission dynamics. 

In this manner, different wards, departments and ultimately different hospitals become linked 

epidemiologically. 

Wards within a hospital share many similarities to individual people within a population as both have 

defining characteristics, such as sex and age for people; bed capacity, number of sinks and speciality 
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for wards. Hospitals implement policies and interventions that result in changes to their interactions 

with others, just as people would change elements of their lives. Hospitals share patients and staff 

creating ties and interactions just as people do. This patient sharing can have significant implications 

for disease dynamics (e.g., healthcare associated infections) and the impact of implemented 

infection control measures.(205-207) 

We obtained centralised NHS Patient Administration System (PAS) data for all patients who had 

been admitted to the wards and hospitals within the ICHNT and constructed a network model 

representing their patient sharing connections. We used network analyses to determine and 

characterise: 

• The overall picture of ward movement within the trust, 

• The level and variation of patient sharing within and between hospitals in the trust, 

• Whether specific wards were more significant within the patient-sharing network, 

• The degree of patient sharing between specialities and potential cut-points for segregation, 

and 

• The vulnerability of the networks to ward closures and the impact on patient flow.  

 

6.1 Methods 

 

6.1.1 Setting 

The hospitals included were the three main hospitals (Charing Cross, Hammersmith and St. Marys’), 

two specialised hospitals (Queen Charlotte’s and Western Eye) and a hospital that closed early in the 

period the dataset covered (Ravenscourt Park).  

 

6.1.2 Data 

We used patient-level ward admission and discharge data from January 2005 to December 2013 for 

all hospitals within the ICHNT. This was extracted from the PAS system in an anonymised format 

compliant with information governance standards. Data were cleaned to remove non-relevant 

variables and to recode ward variables, such as ward name, ward code, main diagnosis and main 

speciality.  

Data Restructuring 
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Once the data were cleaned and suitably recoded, it was necessary to carry out a process of de-

duplication to remove “false” ward moves (Figure 5.0). There were a number of reasons for the 

presence of these duplicates with the main being caused by the base structure of the data. Patients 

often have multiple episodes recorded during a single stay or spell in hospital; with each episode 

listed with a first ward and final ward. A new episode can occur each time the patient changes 

speciality or consultant; therefore there is a great deal of duplication. Further to this there are 

duplicates due to errors in data completion most often due to the patient being listed as having 

moved wards but start and end wards are the same. 

 

Defining ward moves 

 

Once patient timelines were defined in a clear format, we began to create ward moves; these were 

defined in the format “ward1 -> ward2”, “ward2 -> ward3”, etc. This process was carried out in 

STATA and created a list of ward moves that could be summarised to produce weighted ward 

connections. These data were then utilised in our creation and analyses of the hospital networks. 
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Steps in adjustment: 

• Data reformatted from long to wide format; merging individual episodes into each spell in hospital. 

• Duplicate ward entries removed: 

1. Reformatting duplicates- created by merging episodes with same start and end wards (highlighted in red box). 

2. Error duplicates- move listed between the same ward. As seen in Patient B Episode 1; listed as moving from ward 2F to ward 2F.  

patid ordernoofepisode admsource Ward1 Ward2 Ward3 Ward4 Ward5 Ward6 Ward7 Ward8 Ward9 disdest 

A 1 Home 1C 1G 1L NULL NULL NULL NULL NULL NULL Home 

A 2 Home 1L 1H NULL NULL NULL NULL NULL NULL NULL Home 

A 3 Home 1H 1F NULL NULL NULL NULL NULL NULL NULL Home 

A 4 Home 1F NULL NULL NULL NULL NULL NULL NULL NULL Home 

A 5 Home 1F 1K NULL NULL NULL NULL NULL NULL NULL Home 

A 6 Home 1K 1P NULL NULL NULL NULL NULL NULL NULL Home 

B 1 Home 2D 2F 2F 2H NULL NULL NULL NULL NULL Home 

B 2 Home 2H NULL NULL NULL NULL NULL NULL NULL NULL Home 

C 1 Care Home 1C 1D NULL NULL NULL NULL NULL NULL NULL Death 

C 2 Care Home 1D 1C NULL NULL NULL NULL NULL NULL NULL Death 

C 3 Care Home 1C NULL NULL NULL NULL NULL NULL NULL NULL Death 

patid admsource Ward1 Ward2 Ward3 Ward4 Ward5 Ward6 Ward7 Ward8 Ward9 disdest 

A Home 1C 1G 1L 1H 1F 1K 1P NULL NULL Home 

B Home 2D 2F 2H NULL NULL NULL NULL NULL NULL Home 

C Care Home 1C 1D 1C NULL NULL NULL NULL NULL NULL Death 

Data de-duplicated and cleaned 

Figure 6.0 Example of restructuring process used to format ward move data  
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6.1.3 Analysis of Data 

 

We used UCINET 6 (Build 6.549) for Windows (Analytic Technologies, Lexington, KY) and NetDraw to 

create and analyse our networks. We considered the hospitals individually and as a larger multi-core 

network, whilst evaluating 2 patient-sharing networks, defined as whether patients discharged from 

one ward were admitted to a ward within a different hospital: 

• Internal patient-sharing (IPS) network: patients transferred within the same hospital. 

• Total patient-sharing (TPS) network: all patient transfers whether they were internal or 

external. 

The models were represented by social network diagrams (sociograms) wherein each node denoted 

a ward and each line showed a patient transfer. Wards were arranged in a circle with arrows on the 

lines indicating the direction of patient sharing and reciprocal sharing denoted by a double-arrowed 

line. The sociograms were created for a range of values of patient sharing volume (N) between 2 

wards; thresholds initially set at N≥1, N≥12, N≥52, N≥365. 

 

6.1.4 Network Measures 

To analyse the networks, we determined a number of common network measures that describe the 

connectivity of the ICHNT network: 

• Geodesic distance: this is the smallest number of inter-ward ties that connect one ward to 

another. 

• Diameter: the largest geodesic distance in the network, i.e. the greatest distance between 

any pair of wards (smaller diameter means network is closely connected). 

• Density: the number of existing ties divided by the total number of possible ties (greater 

density means more wards share between themselves). 

Then all wards were evaluated using centrality measures: 

• Degree: a ward’s total number of connections. 

• In-degree: the total number of different wards that transfer patients to the given ward. 

• Out-degree: the total number of different wards that receive patients from a given ward.  
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• In2Step: number of different wards that are connected to all wards that send patients to a 

given ward  

• Out2Step: number of different wards that are connected to all wards that send receive 

patients from a given ward 

These centrality measures indicate the level of connectedness each of the wards and the other 

wards in the network. Isolated wards will have likely have less impact on other wards, however 

wards that are highly connected will be affected or affect other wards more. 

 

6.2 Results 

 

6.2.1 ICHNT Network Description 

These data contained a total of 1,363,821 patient episodes involving 436,309 ward moves; 359,067 

internal patient transfers and 76,242 transfers between wards in different hospitals (Table 6.0).  

 

There was a significant rise in both patient episodes and moves post-2009 (Figure 1); this correlated 

with data for St Mary’s hospital (SMH) being incorporated into the same dataset. Due to the 

significance of this variation, only data from 2010 to 2013 inclusive were used for comparisons. 

 

 

Year 2005 2006 2007 2008 2009 2010 2011 2012 2013 

Internal Moves 21 760 27 633 29 047 27 714 26 775 51 221 58 630 58 031 58 256 

Hospital Transfers 6 152 7 651 7 631 8 035 8 576 10 721 9 281 9 432 8 763 

Total 27 912 35 284 36 678 35 749 35 351 61 942 67 911 67 463 68 019 

Table 6.0 Breakdown of Ward moves, 2005-2013. 

 

Table 3 Intra-hospital disparity in graph structure 
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The next variables of interest in this dataset were the admission sources and discharge destinations 

from which patients were entering and exiting our network. We were able to recode the native NHS 

codes and obtain a breakdown; we found 4 main locations that accounted for 99.9% of admissions 

and 98.7% of discharges.  

Patients being admitted from and discharged to their own homes accounted for 93.2% and 96.1% of 

the totals, respectively. 1.6% of all patient episodes ended with the patient’s death; around a third 

of these based within the Geriatric Medicine, Respiratory Medicine and Medical Oncology. Just 

under 5% off all admissions were patients born within the hospitals and transfers from an NHS ward 

in an external Trust accounted for 1.9% of admissions and 1.1% of discharges. 

 

6.2.2 Speciality Dynamics 

To evaluate variation in ward movement we compared how patients were processed within 

different specialities (Table 6.1). As may be expected, specialities that were more invasive were 

observed to have higher number of patients with multiple moves during their stay in hospital. As can 

be seen from Table 6.1, the specialities with the highest percentage of patients with greater than 

five ward moves were General Surgery (36.31%) and Obstetrics (11.92%).  

SMH data included 

Figure 6.1 Variation in Patient Dynamics, 2005-2013 
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These data allowed us to evaluate the complexity of care pathways; those with the majority of 

patients having zero or one moves during their stay were Infectious Diseases, Haematology and 

Paediatrics. Suggesting that most of the patients were attending Clinics or had high morbidity and as 

such were not moved too often. 

 

 

Main Speciality Number of Ward Moves (n and column %) 
 0 1 2 3 4 5 >5 Total 

Accident & Emergency 11 694 1 225 178 40 8 3 3 13 151  
 6.99 3.59 2.16 1.35 0.91 0.84 0.81 6.14  

Anaesthetics 1 455 13 7 3 0 1 0 1 479  
 0.87 0.04 0.09 0.10 0.00 0.28 0.00 0.69  

Audiological Medicine 78 34 10 2 1 0 1 126  
 0.05 0.10 0.12 0.07 0.11 0.00 0.27 0.06  

Cardiology 7 853 1 230 443 97 35 11 12 9 681  
 4.69 3.61 5.39 3.28 3.96 3.09 3.25 4.52  

Cardiothoracic Surgery 819 342 529 239 62 15 10 2 016  
 0.49 1.00 6.43 8.09 7.02 4.21 2.71 0.94  

Clinical Haematology 11 414 431 101 37 11 8 4 12 006  
 6.82 1.26 1.23 1.25 1.25 2.25 1.08 5.61  

Clinical Pharmacology 614 342 64 24 7 5 3 1 059  
 0.37 1.00 0.78 0.81 0.79 1.40 0.81 0.49  

Critical Care Medicine 3 0 0 0 0 0 0 3  
 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00  

Dermatology 54 0 1 0 0 0 0 55  
 0.03 0.00 0.01 0.00 0.00 0.00 0.00 0.03  

ENT 2 575 2 321 117 20 3 1 0 5 037  
 1.54 6.81 1.42 0.68 0.34 0.28 0.00 2.35  

Endocrinology 4 934 1 193 266 101 31 4 7 6 536  
 2.95 3.50 3.23 3.42 3.51 1.12 1.90 3.05  

Gastroenterology 17 595 2 103 621 145 88 32 29 20 613  
 10.52 6.17 7.55 4.91 9.97 8.99 7.86 9.62  

Gen Surgery 8 033 2 515 1 024 375 196 100 134 12 377  
 4.80 7.38 12.45 12.69 22.20 28.09 36.31 5.78  

General Medicine 3 037 917 165 43 15 11 5 4 193  
 1.82 2.69 2.01 1.46 1.70 3.09 1.36 1.96  

Genitourinary Medicine 54 14 4 5 4 0 1 82  
 0.03 0.04 0.05 0.17 0.45 0.00 0.27 0.04  

Geriatric Medicine 7 335 1 568 274 81 25 9 7 9 299  
 4.38 4.60 3.33 2.74 2.83 2.53 1.90 4.34  

Gynaecology 12 655 2 427 1 095 265 89 39 36 16 606  
 7.56 7.12 13.31 8.97 10.08 10.96 9.76 7.75  

Haematology 1 064 42 2 1 0 0 0 1 109  
 0.64 0.12 0.02 0.03 0.00 0.00 0.00 0.52  

Infectious Diseases 1 097 274 38 14 5 0 3 1 431  
 0.66 0.80 0.46 0.47 0.57 0.00 0.81 0.67  

Medical Oncology 16 767 625 145 23 11 5 2 17 578  

Table 6.1 Number of moves by Main Speciality 
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 10.02 1.83 1.76 0.78 1.25 1.40 0.54 8.21  

Nephrology 5 055 667 425 116 45 23 29 6 360  
 3.02 1.96 5.17 3.93 5.10 6.46 7.86 2.97  

Neurology 7 996 234 66 18 10 1 3 8 328  
 4.78 0.69 0.80 0.61 1.13 0.28 0.81 3.89  

Neurosurgery 1 530 763 184 45 12 8 6 2 548  
 0.91 2.24 2.24 1.52 1.36 2.25 1.63 1.19  

Not Listed 791 24 11 1 1 0 0 828  
 0.47 0.07 0.13 0.03 0.11 0.00 0.00 0.39  

Obstetrics 12 546 3 882 1 338 975 121 53 44 18 959  
 7.50 11.39 16.27 33.01 13.70 14.89 11.92 8.85  

Ophthalmology 5 053 94 8 0 0 0 0 5 155  
 3.02 0.28 0.10 0.00 0.00 0.00 0.00 2.41  

Oral Surgery 818 0 0 0 0 0 0 818  
 0.49 0.00 0.00 0.00 0.00 0.00 0.00 0.38  

Paediatrics 7 295 4 086 197 43 9 0 1 11 631  
 4.36 11.98 2.40 1.46 1.02 0.00 0.27 5.43  

Plastic Surgery 1 134 704 54 19 8 2 1 1 922  
 0.68 2.06 0.66 0.64 0.91 0.56 0.27 0.90  

Respiratory Medicine 5 625 1 320 270 87 39 10 12 7 363  
 3.36 3.87 3.28 2.95 4.42 2.81 3.25 3.44  

Rheumatology 2 433 573 127 32 21 4 7 3 197  
 1.45 1.68 1.54 1.08 2.38 1.12 1.90 1.49  

Trauma 2 579 2 655 336 70 22 10 7 5 679  
 1.54 7.79 4.09 2.37 2.49 2.81 1.90 2.65  

Urology 5 325 1 477 124 33 4 1 2 6 966  
 3.18 4.33 1.51 1.12 0.45 0.28 0.54 3.25  

Total 167 310 34 095 8 224 2 954 883 356 369 214 191  
 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00 

 

 

6.2.3 Variation in Annual Hospital Moves 

 

IPS/TPS transfers 

As mentioned earlier in the chapter, there was a significant increase in the number of patient 

episode and patient moves recorded post 2009 as SMH was added into the dataset; as such we only 

compared data from 2010-2013 to ensure the comparisons were robust. The moves between 

subsidiary hospitals were removed to evaluate the patterns between just the three main sites; 

Charing Cross Hospital (CXH), Hammersmith Hospital (HH) and St. Mary’s Hospital (SMH). The 9 

categories of moves described in Table 6.2 appeared to follow a similar pattern over the 4 year 

period. 
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Hospital Moves 2010 2011 2012 2013 
 n % n % n % n % 

CXH -> CXH 11 629 22.9 11 651 20.0 15 024 25.8 147 50 25.1 
CXH -> HH 261 0.5 272 0.5 215 0.4 228 0.4 
CXH -> SMH 71 0.1 115 0.2 197 0.3 165 0.3 

HH -> CXH 303 0.6 410 0.7 356 0.6 251 0.4 
HH -> HH 12 807 25.2 11 752 20.2 12 354 21.2 13 105 22.3 
HH -> SMH 548 1.1 237 0.4 221 0.4 256 0.4 

SMH -> CXH 56 0.1 174 0.3 247 0.4 367 0.6 
SMH -> HH 679 1.3 284 0.5 324 0.6 358 0.6 
SMH -> SMH 24 420 48.1 33 283 57.2 29 372 50.4 29 342 49.9 

 

It was clear that the majority of moves are intra hospital as part of the IPS networks, with these 

accounting for an average of 97% of all moves within and between the three main hospitals 

annually. Whilst these values remained consistent across the four years in our data, it is worth 

noting the variation in the moves between the hospitals. Though not statistically significant, it did 

show the pattern of changing operational links between wards in the hospitals.  

If we look across the four year period, the moves between CXH and HH in both directions remained 

relatively stable, with an average 244 moves from CXH to HH and an average 330 moves from HH to 

CXH. However between 2010 and 2013, the number of moves from CXH to SMH more than doubled 

and the inverse link showed an increase of over 600% with a year on year increase. Contrasting this; 

the moves between HH and SMH halved over the same period in both directions. This information 

allowed us to see the changing patterns over time and understand better how patient movement 

had evolved. 

 

Total Patient Sharing network 

Figure 6.2 shows the TPS network sociogram for 4 patient-sharing thresholds split for the years 

2010-2013. The thresholds were set at values of greater than one move, 12moves, 52moves and 365 

moves; these values were selected to act as proxy measures for wards transferring at least one 

patient yearly, monthly, weekly and daily respectively. There was no significant variation between 

the years in regards to Network Density and Reciprocity between wards. 

The complexity of the sociograms was similar across the years; however of note was the changing 

pattern observed especially in the wards sharing more than 365 patients. When comparing the 

sociograms, it became clear that whilst analogous in complexity, the wards showing connections 

changed. Thus the overall ward network had clearly evolved and to evaluate this further we focused 

on each year individually. 

Table 6.2 Number of moves within and between three main sites, 2010-2013 

 

Table 3 Intra-hospital disparity in graph structure 



 

109 
 

2010 

2011 

2012 

2013 

> 1 move > 12 moves > 52 moves > 365 moves 

Figure 6.2 Sociograms of the TPS network, categorised into wards with more than 1, 12 , 52 and 365 moves per year.  
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6.2.4 Analysis of 2013 Ward Network   

Network Measures 

Not all ward pairs shared at least 1 patient (network density=64.3%) with only 44% of ward 

connections being reciprocal (Figure 6.2). Increasing the threshold to at least twelve patients (N≥12) 

saw the density decrease (41.2%) whilst reciprocity increased to 57%. The threshold of at least fifty 

two patients (N≥52) yielded much greater heterogeneity (network density=17.6%) and only 45.3% of 

ward connections were reciprocal. The final threshold (N≥365) had a very low density (7.1%) and 

very little reciprocity (19.4%) between wards.  

The TPS network was found to be quite closely connected, when sharing at least 12 patients 

throughout the year, the diameter (the longest distance between 2 wards in the network) was 4; 

86.4% of ward pairs had a geodesic distance of 2 or less. In comparison, a threshold of above 52 

patients transfers, showed a much less connected network with only 46.2% of pairs having a 

geodesic distance of 2 or less. 

 

Ward Measures 

Individual ward centrality measures also demonstrated the variation in connections within the 

TPS≥52 network. Degree measures quantify the number of wards that a ward is connected to. Ward 

out-degree ranged from 0 to 48, showing some wards only receive patients whilst others largely 

transfer patients. Ward in-degree ranged from 0 to 50, again showing that some wards only transfer 

patients and others are highly connected within the network. Many wards had unequal sharing and 

the difference between in-degrees and out-degrees allow assessment of their role in the network 

(Figure 6.3).  

Figure 6.3 Admissions and Discharges sources per ward for CXH network in 2013.  

 

Table 3 Intra-hospital disparity in graph structure 
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This variation in admissions and discharges for wards can be partially explained by the speciality of 

each ward; ward 1U in Figure 6.3 only receives patients from 4 wards but discharges to 35 wards in 

the network. The imbalance was found to be related to it being a medical assessment ward, thus an 

actor early in patient pathways that acts as a filter for the rest of the network. This information 

highlights differences in specific ward involvement in the network both internally and between 

hospitals. 

Whilst these individual characteristics are illuminating, we want to better understand the roles that 

wards play within the network beyond their immediate contacts. Network measures In2Step and 

Out2Step are similar to the InDegree and Out Degree, however they additionally define how many 

wards are connected to an individual ward via intermediaries (Appendix 5).  

For example Ward 1Q, a specialist and elderly ward, received patients from 16 wards and discharged 

them to 11 wards. Once a patient had moved to a connected ward, they may move onto a further 

ward; therefore If we take into account we can evaluate the “acquaintances” of those connected 

wards. This work found that for ward 1Q the In2Step was 96 wards and Out2Step was 82; suggesting 

that just by taking a second move into account on the network, that patients transferred form 1Q 

could potentially move to 82 different wards.  

In an attempt to quantify this expansion of connections for individual wards, we defined the 

“Acquaintance Factor” (AF); the number of acquaintance wards divided by the number of directly 

connected wards. For ward 1Q, this produced AFs of 6.0 for admissions and 7.5 for discharges. When 

looking at other wards in the CXH network, we found incoming AFs ranging from 2.5 to 14.8 and 

outgoing AFs ranging from 2.4 to 13.0. These results suggest that whilst some wards are not highly 

directly connected, they may have a much wider connection within the networks. 

 

Connectivity and Trust-attributable infections 

Using the groupings that we had created in chapter five, we were able to assess the relationship 

between the connectedness of wards within our networks and whether they were part of the HH 

(top quarter) and LL (bottom quarter) groupings for TA infections. Comparing the indegrees and 

outdegrees for wards that fell into each group, we found the difference between the number of 

admission sources for the HH and LL groupings was statistically significant, as determined by one-

way ANOVA (F(1,10) = 11.39, p < 0.01). However the difference in discharge sources between groups 

was not found to be significant (p = 0.24). Suggesting that the number of wards that a ward receives 

a patient from may influence the numbers of TA infections observed on that ward. 
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6.3 Discussion 

 

6.3.1 Summary 

In this chapter, we analysed the ward network formed by patient movement and examined the 

relationships between wards across the 3 main hospitals. There was a great deal of variation 

discovered that evolved between 2005 and 2013; partially due to the re-structuring of services when 

the ICHNT came into being in 2009. This work has enabled us to identify the pattern behind this 

variation and to evaluate the complexities of patient pathways by main speciality. Further to this, 

new evidence of the evolving relationships between the hospitals was summarised with a 

breakdown of the IPS and TPS networks. Finally the networks were assessed at the individual ward 

level to look at how wards connected to others within the hospital network. 

It demonstrated that the ICHNT hospitals are highly interconnected, but this varies greatly within 

and between hospitals. Specific wards may influence the network in different ways. In particular: 

• Numerous wards transferred more than 365 patients between them (high network density) 

and it is rare for a ward to be isolated and not receive patients from other wards. 

• Patient sharing was often unbalanced; some wards received patients from numerous others 

(high in-degree) but transferred few patients to other wards (low out-degree), this was 

especially common with specialised wards such as Endoscopy. 

• Some wards whilst being connected to a small number of wards directly, showed high 

Acquaintance Factors (AFs) and were in proportionally connected within the network. 

• Some shared patients with many wards (extensive ego network) and many acted as bridges 

between departments and suggested potential cut-points for infection control policy. 

• A ward’s indegree may act as an influencer in whether a ward is found to be an extreme of 

the TA infection incidence. 

 

These results could have a number of repercussions for hospital planning and infection control. First, 

it is clear that very few wards are isolated and any control measures must take into account the 

wards patients are moving from and to. One ward may affect others within the network, both 

internally and externally across hospitals within the Trust. Secondly, when hospitals are 

implementing control measures and are unable to do widespread actions due to limited resources, 

highly interconnected wards may be initial targets to maximise impact. Finally, focussing only on 



 

113 
 

direct ward to ward transfers of patients overlooks a large fraction of the total patient transfers 

within the hospital or trust. It is likely that a hospital bed manager would know which wards patients 

are transferred to and from but they may be unaware of where a patient has been elsewhere during 

their stay; thus wards may be unknowingly linked to each other. 

 

6.3.2 Outputs   

This work has provided a number of outputs that may impact on infection control and on 

operational procedures. At the most basic level, it has provided a greater understanding of how 

wards are connected (Figure 6.4) and furthermore how the three main hospitals in the Trust are 

linked. The work has allowed rapid evaluations to be undertaken in response to infection control 

issues; quantifying the percentage of patients being moved from key wards to other wards and thus 

identifying other wards that may need to be included in any infection control measure planning.  

 

 

6.3.3 Limitations   

The work in this chapter was limited dependent on the data provided from the PAS system. The data 

cleaning process identified a number of issues, especially with ward nomenclature in older data. 

There is the possibility that some historical wards may relate to different wards, however every 

Figure 6.4 Ward Network for CXH in 2013; wards with greater than 12 moves grouped by Care Pathway Group.   

 

Table 3 Intra-hospital disparity in graph structure 
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attempt was made to minimise this impacting the study. Whilst, we were able to evaluate individual 

hospitals from 2005-2013, we were limited to only able to include four years in our overall hospital 

network analyses due to the incorporation of SMH in 2009.  

 

6.3.4 Future Work 

There are numerous ways these data can be utilised within the Trust to garner more information to 

support infection control and operational policies. 

 

Bottlenecks 

One potential study could be to incorporate the date data from the PAS data, allowing each patients 

time on a specific ward to be marked. Thus periods of time when wards are near capacity can be 

identified and evaluated; this may provide information on potential bottlenecks within the network. 

If patients are remaining on a specific ward for an extended period of time it may be due to fact 

there are no beds in another ward and this information could prove extremely useful to bed 

managers and those involved in operational planning within trusts. 

 

Patient care pathways 

As the PAS data stores not only the moves during the patient episode but also the primary diagnosis 

and main speciality on admission, it is possible to split the patient episodes into categories based 

upon patient care pathways. There is a route through which most patients should flow given their 

diagnosis; beginning with admission, to treatment, recovery and then discharge. It would be possible 

to map the ego networks for each pathway and evaluate how many patients follow that route. This 

would give valuable information on whether the theoretical care pathway is adequate in practice 

and also identify block points or wards acting as overflow from the pathway. 

 

Theoretical infection seeding models 

Given the network has been modelled based on data over a number of years, we can assume that 

we have strong data on the “normal” rate of patient movement within and across our hospitals. If 

theoretical assumptions are taken from the literature, it would be possible to run outbreak 

simulations on the network. A ward would be selected to be seeded with a patient zero who 

undertakes moves within the hospital over time, interacting with other patients and staff. The model 
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could be run with a range of seed wards to identify wards that may be able to be used to minimise 

the spread of an infection within the hospital network. 

 

Staff movement network 

Another element of the hospital network is that of staff movement; whilst nursing staff are most 

often based on one ward, doctors and support staff such as porters often move between a range of 

wards. This movement is undefined within hospitals and it is not currently able to be recorded; 

however, their movement could potentially influence the spread of infections as much as that of 

patients. Whilst this work would perhaps be the most useful, it is also the one that is the most 

difficult to undertake; however, it is worth noting some studies attempting to describe it.(11) 

 

Summary 

The application of network modelling has been shown to provide detailed information about 

network structure and the actors within them. This work has revealed that these types of analyses 

can extract a wealth of information from an existing data source. The undertaking of further 

investigations into the Trust ward network will enable a strengthening of the evidence base for 

future organisational and infection control policies. 
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Chapter 7: Discussion 

 
 

Summary 

 

The final chapter of the thesis provides a concise discussion of the project and highlights the key 

findings of the work. The discussion gives an overview of each of the individual studies and suggests 

limitations and barriers within the study settings that became apparent over the course of the 

project. The conclusion presents the original hypothesis on which the project was based and 

assesses whether it may be accepted. Finally, suggestions for further investigations and key 

recommendations are listed.  

 

 

7.0 Summary of Results 

 

This thesis aimed to identify novel applications of existing epidemiological and modelling techniques 

within healthcare settings and it produced a wide range of outputs, which are summarised below: 

 

• Collection of spatial-temporal data has been routine in hospitals for decades, however use 

of robust spatial-temporal statistical analyses is rare. (Chapter 2) 
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•  The undertaking of complex analyses is limited by a knowledge gap within healthcare 

workers; collaboration with specialised researchers could circumvent this. (Chapter 2) 

• There is considerable underutilisation of routinely collected data within healthcare settings; 

further analyses of this data could provide a wealth of information about infection dynamics 

and the study settings themselves. (Chapter 2 and 3) 

• The provision of access to electronic maps can enable HCWs to gain a better understanding 

of their work environments whilst also providing a wealth of information on the variation in 

design between wards within and across hospitals. (Chapter 3) 

• There is a significant level of variation observed in ward design and whilst this is an artefact 

of changes made over decades of use, it needs to be understood as it may have an effect on 

the provision of service. (Chapter 4) 

• Specific ward characteristics and subgraphs were shown to be more prevalent within wards 

showing a higher level of trust-attributable HCAIs. (Chapter 5) 

• Furthermore, a selection of subgraphs and characteristics of wards were found to potentially 

have a significant influence on the observed numbers of TA HCAIs. This work suggested 

prospective areas of ward design that can be investigated further to quantify their impact 

more stringently. (Chapter 5) 

• The NHS stores a significant amount of information regarding the moves between wards 

that occur during every patient episode. This information can be utilised in a number of 

ways to help with operational and infection control planning. (Chapter 6) 

• By visualising and analysing the patient movement within our hospitals, it is possible to 

identify wards that play key roles in patient pathways and that connect various patient 

populations. (Chapter 6)  

• The novel application of existing analytical techniques in healthcare settings has been shown 

across this project to provide a substantial amount of information not normally extracted 

from existing datasets. 

 

The evolution of this project and analyses was at the mercy of the real world settings in which 

they were carried out; there were numerous factors including staff cooperation, data availability 

and quality that directly affected how the work could be undertaken. These issues are discussed 

below in more detail. 
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7.1 Barriers and Limitations 

 

When carrying out research in a real-world setting there are always a range of challenges that will 

present themselves; however, whilst significant, the barriers did not prevent the work from being 

completed. The Imperial College Healthcare NHS Trust is one of the largest in England and its current 

structure was formed after merging two separate trusts in 2007. This has led to a complex 

organisation combining datasets and IT systems from multiple sites and departments. 

Whilst undertaking this project, it quickly became apparent that there was no centralised source for 

most of the data required. Data were located across numerous databases and held under the 

domain of different departments; a study focused on data linkage within the trust described the 

fragmented IT systems that at one time held over 750 databases.(24) This segregation of data created 

an air of confusion over who “owned” what data and who should be allowed to access it for research 

purposes. 

The research would not have been possible had it not been for the support and guidance of key 

members of the NHS staff within the trust. These stakeholders were based within a range of 

departments and an initial period of the project involved spending time discussing my work with 

them and building strong working relationships with them. This included infection control team 

members, bed managers, ward nursing staff and team members from the Estates teams. Due to the 

constant restructuring of the NHS, there were times when collaborators moved to new roles or left 

the trust. These occasions led to delays in the project, as it would mean rebuilding relationships with 

those departments and ensuring their interest in the work. 

This is an example of the issues when working in a dynamic study environment, such as the NHS, 

where there are constant changes and as such the research project must adapt quickly to them. This 

setting meant that changes to the wards and their environments were occasionally not recorded or 

the data was held by multiple people as an artefact of the merging of the data systems when the 

trust was established. This is one of a number issues with the data, which I will expand on in the 

following section. 

 

7.2 Data 

 

7.2.1 Data access and sharing 
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The ICHNT is a collaboration between the NHS and Imperial College London and is one of the UK’s 

seven academic health science centres; this allows research to be carried out within the trust’s 

hospitals and ensures any outcomes benefit the trust and its users. However, despite the 

collaborative ethos of the group there is still lingering resistance to openly sharing data between 

departments.  

The only dataset maintained and processed by the IT department is the Patient Administration 

system (PAS) and these data are easily accessible once the correct authorisation has been provided. 

Similarly, the data collected for infection prevention and control are accessible as they are used for 

routine reporting. In contrast, a number of datasets are collected and held by individual staff 

members or by a department, such as Estates. To gain access to these smaller de-centralised 

datasets, requires building a collaborative relationship with the data holder and this may not always 

be easy. 

One of the key steps in undertaking this project was the initial provision of floorplans for the 

hospitals within the Trust. These were held by the Estates team and, as with other approaches for 

data, they were at first sceptical about why access to these files was required. It took around six 

months for all of the digital floorplans to be provided and this delay was largely due to a 

misunderstanding regarding the protocols for sharing of data. After this was worked through, the 

Estates team became a key collaborator in this research and an invaluable source of data and advice. 

 

7.2.2 Ward Surveys 

Once the floorplans had been received, it was necessary to ensure their accuracy as the files had 

been updated a few months earlier and I was aware that there had been several renovations that 

may not have been included in the provided maps. As the study covered 3 large hospitals with 

multiple buildings, it became apparent that advice would be required from staff local to each site. 

Infection Control nurses at the three hospitals made themselves available to attend and guide the 

ward surveys. 

These surveys identified numerous adaptions that had been made to ward layouts yet not 

incorporated into the maps held by the Estates teams. These ranged from minor sink relocations to 

larger scale changes to ward layouts including one ward which had had a temporary wall built to 

separate a section of the ward into a specialised clinic. These deviations may not have a significant 

impact on operational procedures as they will likely be picked up at a later stage or the staff involved 

will be aware of them. However, for researchers looking at historical data on wards, these changes 

could have significant impacts. 
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During the surveys, a small number of wards were closed as they were being utilised as escalation 

wards; remaining closed until the bed capacity was required during busy winter periods etc. 

Similarly, some wards had bay closures due to infection control measures and this would limit the 

ability to access them to assess their layouts. Impacting on this project was the fact that these 

closures were not recorded in a database or log and the majority of data used in this project was 

collected from historical infection control reports. However, the completeness of this information is 

impossible to know. 

 

7.2.3 Bed Level Data 

With the creation of ward maps, an initial aim of this project was to combine infection data with 

patient location data and map the distribution. Using GIS in this manner has been done in numerous 

studies, however its usage in healthcare settings has been limited. Unfortunately there were a 

number of barriers that prevented us from being able to undertake a study at bed level at the time. 

Initially there were concerns raised about using patient data at that resolution. Although all patient 

data used for research is anonymised in keeping with the information governance requirements of 

the NHS; having the specific bed locations of patients linked to temporal and diagnostic data meant 

that it may be possible for patients to be identified. 

Furthermore, there was also a blockage in accessing the bed data itself; whilst patient movement 

data are recorded within the PAS dataset, bed movement was held in a separate bed management 

software. Upon speaking with the developers of the data during the project, they suggested that it 

would not be possible to extract those data in a format suitable for our use as it was a live system. 

Being unable to utilise data at this resolution, it was not to pursue the research initially planned and 

this led to a change in focus that provided the new avenues of analysis presented in this thesis. It 

should be noted at time of writing, access to these data has since been arranged thus enabling more 

significant analyses to be carried out in the trust in the future. 

 

7.2.4 Data Quality and Cleaning 

The quality of data used for analyses can have a significant impact on not just the results of analyses 

but can affect how the analyses themselves are designed. As aforementioned, the data 

infrastructure at ICHNT was extremely complex and there were a number of factors that had to be 

addressed within the data utilised in this study. To evaluate the datasets in a clear and concise way, 

they will be covered in reference to the analyses they were used in. 
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The ward floorplans used to evaluate ward design were provided by Estates; they were assessed for 

their accuracy by the undertaking of physical ward surveys with notes taken on any identified 

variations from the digital maps. These changes were then used to update the maps along with 

guidance from the Estates team to ensure they were applied in the correct temporal period. 

Obtaining maps for historical time periods was impacted by what was kept on record and in some 

cases wards had missing periods and others were not updated within a good timeframe after 

completion of renovations or refurbishments.  

The data on trust attributable infections were provided by the Infection Prevention and Control 

team and had the advantage of being an extract from the IPC teams cleaned data. These are the 

data collected and analysed for routine reporting of any trust attributable infections to the NHS, 

Public Health England and the Department of Health. As these are defined by the IPC team, any data 

used should be accurate and match that which is reported. 

The patient movement data employed to build the ward network was an extract from the PAS and 

contained data from January 2005 through December 2013. This was a dataset with a wealth of 

information however it also included a number of errors that had to be addressed. Some of the data 

quality issues arose due to artefacts from changes to the hospitals included in the dataset; such as St 

Marys hospital joining in 2007 and Ravenscourt Park hospital closing. 

However a significant amount was errors arising from temporal changes in data formatting including 

variations in the ward code being used, the ward having moved location but retaining the same 

name and, perhaps more worrying, wards being listed with incorrect names. As I was looking at 

historical data, I would often come across old wards listed on ward lists. When this occurred, 

guidance was requested from the bed managers and infection control leads who had been at the 

hospital sites for significant periods of time. A small number of wards and ward codes were 

discovered whose identities could not be defined, including some that had been used during the 

period of employment of the collaborating NHS staff. 

The final issue that arose with the PAS dataset was mislabelling of ward moves; occasionally patients 

would be listed as having moved from and to the same ward. This was partially due to the processes 

used by PAS in which a patient has a new episode number if they change consultants and thus when 

the episodes were combined, it led to duplication. Similarly, patients were sometimes not recorded 

as having left a ward for a procedure if they returned directly to the ward after it; even though the 

procedures may require the patient to be moved for a considerable amount of time. 

These issues with data quality had to be addressed prior to use to ensure the impact of missing data 

could be minimised; although in some cases, assumptions simply had to be made regarding the 



 

122 
 

completeness of our datasets when no other evidence was available. Despite these limitations, the 

data were of suitable quantity and quality to ensure the analyses could be undertaken. 

 

7.3 Utility and Applicability 

 

One of the aims of this project was to evaluate how useful increased knowledge about hospital 

design and ward layouts would be for organisational planning and infection control. A recent review 

for the Secretary of State for Health was undertaken by Sir Robert Naylor looking at the current 

status of the NHS Estate.(208) It was largely damning in its assessment of how planning is undertaken 

and more specifically in deficiencies in how the NHS infrastructure has been maintained: 

 

“while…some older buildings have been upgraded to meet modern standards of care, it is still 

too often the case that the NHS is operating in inadequate facilities.” 

 

The review discusses that whilst in 2000 there was an initiative to construct 100 new hospitals 

buildings across the NHS; “the size and location of most hospitals has been driven by what existed 

rather than rational planning”. As mentioned earlier in the thesis, there is a lack of a strong evidence 

base on the impact of ward design and this may in part influence the lack of a clear plan when it 

comes to ward usage. Within our study we have seen that the same ward layout has been utilised at 

various times for a range of specialities without any specific layouts being enforced based on 

evidence. 

The creation of the digital ward maps provided a basic output that made an impact on staff within 

the trust. They were provided to the Infection Prevention and Control teams to enable them to 

visualise the location of infection control issues to external stakeholders. This was said to be 

extremely useful in providing the data in a clear way that was easily understood by people with little 

knowledge of the hospital sites. 

The maps also produced a wealth of information in terms of ward design variation that allowed 

these analyses to take place. It strengthened the argument that since there is significant variation in 

the characteristics and layouts of wards, even those similarly shaped, then it is not necessarily 

possible to compare the wards directly. Further studies need to be undertaken to look at how this 
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may impact study designs in healthcare settings and how the ward layout may directly impact on 

patient care. 

PAS data is routinely collected however little work has been done to quantify patient movement 

within hospitals and study how this may impact on the provision of services. The importance of this 

for a full understanding of infection dynamics and operational pressures within hospitals cannot be 

understated. A useful analogy is the comparison of a hospital and the human body; if the organs are 

considered wards, these are linked by the circulatory system with the patients acting as the blood. 

Any blockage or impact on patient flow in one ward not only affects its own operation but also 

exerts pressure on other wards in the network. 

The construction of a ward network based upon patient moves has provided a wealth of knowledge 

including operational outputs such as patient movement between wards within specialties, sharing 

of patients between hospitals and bridging wards that connect separate patient populations. This 

information can be analysed in other ways to discover a wider range of information and those have 

been discussed in further details in the following Future Work section. 

A major consideration of these studies must be that due to the outputs being highly dependent on 

the ward layouts; the results may not necessarily be generalizable to other hospitals and healthcare 

settings. However, the project shows a range of methodologies to enable similar evaluations to be 

carried out and significant outputs that should show the worth in their undertaking. 

 

7.4 Future Work and Recommendations 

 

7.4.1 Future Work 

There is an extensive range of avenues open for further analysis of the data produced in this project; 

whilst also recognising that new sources will become available over time, such as bed level data. 

 

Ward Layout Analysis 

The evaluation of the impact of ward layouts in Chapter 5 identified a range of key subgraphs which 

appeared to act as influencers in whether a ward was classified as having a High or Low prevalence 

of trust attributable infections. Further robust studies should be undertaken to attempt to quantify 

any direct impact that ward layout plays in the spread of infections. Whilst other factors such as 

hand hygiene and ward cleanliness may have a greater impact, it seems somewhat naïve to believe 
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that the physical structure of the ward would play no part in impacting patient care and infection 

control. Indeed a review by Stiller et al. concluded that there was “a strong correlation between 

hospital ward design and healthcare-associated colonization and infection rates”.(209) 

 

Reverse engineering of Wards 

Some studies have created algorithms to enable researchers to reverse engineer a network with 

specific properties of interest.(210) In a similar fashion, given we have identified key subgraphs and 

ward characteristics that appear to have a beneficial effect on the incidence of nosocomial 

infections; it may be possible to reverse engineer specific ward layouts that would strike a balance 

between functionality and safety. This work whilst interesting would be difficult to truly evaluate as 

there is unlikely to be the budgetary freedom to test varying ward designs vigorously. 

 

Bottlenecks 

The patient movement dataset created within Chapter 6 has a number of other ways to it can be 

analysed. One potential study could be to incorporate the date data from the PAS data, allowing 

each patients time on a specific ward to be marked. Thus periods of time when wards are near 

capacity can be identified and evaluated; this may provide information on potential bottlenecks 

within the network. If patients are remaining on a specific ward for an extended period of time it 

may be due to fact there are no beds in another ward and this information could prove extremely 

useful to bed managers and those involved in operational planning within trusts. 

 

Patient care pathways 

As the PAS data stores not only the moves during the patient episode but also the primary diagnosis 

and main speciality on admission, it is possible to split the patient episodes into categories based 

upon patient care pathways. There is a route through which most patients should flow given their 

diagnosis; beginning with admission, to treatment, recovery and then discharge. It would be possible 

to map the ego networks for each pathway and evaluate how many patients follow that route. This 

would give valuable information on whether the theoretical care pathway is adequate in practice 

and also identify block points or wards acting as overflow from the pathway. 

 

Theoretical infection seeding models 
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Given the network has been modelled based on data over a number of years, we can assume that 

we have strong data on the “normal” rate of patient movement within and across our hospitals. If 

theoretical assumptions are taken from the literature, it would be possible to run outbreak 

simulations on the network. A ward would be selected to be seeded with a patient zero who 

undertakes moves within the hospital over time, interacting with other patients and staff. The model 

could be run with a range of seed wards to identify wards that may be able to be used to minimise 

the spread of an infection within the hospital network. 

 

Staff movement network 

Another element of the hospital network is that of staff movement; whilst nursing staff are most 

often based on one ward, doctors and support staff such as porters often move between a range of 

wards. This movement is undefined within hospitals and it is not currently able to be recorded; 

however, their movement could potentially influence the spread of infections as much as that of 

patients. Whilst this work would perhaps be the most useful, it is also the one that is the most 

difficult to undertake; however, it is worth noting some studies attempting to describe it.(11) 

 

7.4.2 Recommendations 

From the experience of working with a NHS trust and based upon the suggestions for further work 

above, I have a number of recommendations. 

The first recommendation is to ensure easier access to data for researchers; this would involve both 

an initiative to promote behavioural change regarding data sharing and collaborative working and a 

more robust IT system being implemented. In fact, there is work on-going within the ICHNT to create 

a data warehouse that will link the existing databases into one core repository of data for analysis 

and day to day operations. It is important that this is completed and similar projects are undertaken 

in other trusts to maximise data production. 

The second recommendation is to increase the utilisation of spatial-temporal analyses in healthcare 

settings. There is a profound amount of information being collected both routinely and through 

mandatory surveillance that is used for reporting without the surface being scratched. Complex 

analyses are likely to be outside of the skillset of frontline HCWs, however greater collaboration with 

academic units would enable more information to be discovered and the outputs to be fed back into 

improving patient care. More user-friendly software, such as GIS, could be used to allow frontline 

staff to process data without having to deal directly with carrying out analyses. 



 

126 
 

The third recommendation is that more focus is paid to ward design and work is undertaken to build 

a strong evidence base to inform future ward and hospital building projects. The review by Naylor 

identifies that “there is currently no overarching estates strategy for the NHS; it is not clear where 

leadership for NHS estates strategy lies”.(208) Therefore it is necessary for this to be centralised and 

for clear procedures to be put in place to provide guidance on issues regarding ward design; but this 

must be based from good evidence and thus studies must be undertaken to build the knowledge 

base. 

The fourth recommendation is that network analysis is undertaken to understand the flow of 

patients and staff through the hospital environments. In population level studies, the movement and 

contact between people has a significant role in the dynamics of an infection and in the “closed” 

environment of a hospital, this must be better understood.  This kind of work will provide not just 

evidence for infection control but wider operational outputs also. 
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Conclusion of Thesis 

 

 

The hypothesis for this study was that the use of novel epidemiological and modelling techniques 

will allow for identification of previously unobserved influencers in the spread of HCAIs and highlight 

further operational factors that affect patient safety. Through this thesis, I would conclude that the 

hypothesis can be accepted. 

Whilst this project set out with a sole aim of assessing how spatial analytical techniques used in 

other fields could be applied in healthcare settings; a secondary outcome that became apparent was 

that the NHS is sitting upon an extensive pool of data. This information is being underutilised and the 

benefits of incorporating this information into operational and infection control planning could be 

invaluable. This thesis has shown the application of a range of techniques ranging in complexity and 

whilst in depth analytics may not be possible in all Trusts; academic collaborations, such as that seen 

within ICHNT, can considerably improve the evidence obtained from routine data collection. 
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Appendix 1: Published Paper 
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Appendix 2: Ward Designation to H and L classes for EP analysis 

(Chapter 5). 

 
 

Ward ID Ward Defined Speciality MSSA/MRSA C.difficile E.coli Total 

1A Plastics H H L H 

1B Neurology  L L L L 

1C Intensive Care H H H H 

1D Private Patients H L L L 

1E Intensive Care L L H L 

1F Acute Admissions L H H H 

1G Acute Admissions H H H H 

1H Oncology L H H H 

1I Oncology H H H H 

1J Surgery H H H H 

1K Orthopaedic H H L L 

1L Specialist and Elderly L L L L 

1M Clinical Infection & Respiratory H H H H 

1N Specialist and Elderly H H L H 

1O Medicine H H H H 

1P Clinical Infection & Respiratory L H H H 

1Q Specialist and Elderly L H H H 

1R Emergency Medicine H L L L 

1S Specialist and Elderly L H L L 

1T Oncology L H H L 

1U Medical Admissions L L L L 

1V Specialist Services H L L L 

1W Gastroenterology L L L L 

2A Emergency Medicine L L L L 

2B Coronary Care L H L L 

2C Cardiac  H H H H 

2D Hepatobiliary H H H H 

2E Cardiac  H L L L 

2F Renal L L L L 

2G Acute Admissions H L H L 

2H Acute Admissions L L L L 

2I Specialist and Elderly H L H L 

2J Cardiac  H L L L 

2K Clinical Infection & Respiratory H H H H 

2L Clinical Infection & Respiratory L L H H 

2M Haematology H H H H 

2N Renal L H H H 

 



 

146 
 

Ward ID Ward Defined Speciality MSSA/MRSA C.difficile E.coli Total 

2O Maternity H H H H 

2P Specialist and Elderly H H H H 

2Q Intensive Care H H L H 

2R Renal H H L H 

2S Clinical Infection & Respiratory H H H H 

2T Renal L H L H 

2U Renal H H L H 

2V Private Patients H H L L 

2W Renal L L L L 

2X Gynaecology L H H H 

2Y Haematology H H H H 

3A Emergency Medicine H L L L 

3B Acute Medical L L L L 

3C Intensive Care H L H H 

3D Specialist and Elderly L H L L 

3E Maternity L L H L 

3F Specialist and Elderly L H L L 

3G Surgery H H H H 

3H Clinical Infection & Respiratory L L L L 

3I Paediatric L H H H 

3J Paediatric L L L L 

3K Intensive Care L H H L 

3L Specialist and Elderly L L L L 

3M Private Patients L L L L 

3N Surgery H L L L 

3O Intensive Care H H H H 

3P Intensive Care L L L L 

3Q Paediatric L L H L 

3R Surgery L H L L 

3S Clinical Infection & Respiratory H L L L 

3T Gynaecology H L H L 

3U Cardiac  L H L L 

3V Vascular L L L L 

3W Specialist and Elderly L H L H 

3X Acute Admissions L H L H 

3Y Orthopaedic H H H H 

3Z Specialist and Elderly L H L H 

3ZA Maternity H L H H 

3ZB Surgery H L L L 

3ZC Vascular L H L L 
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Appendix 3: Ward Designation to HH and LL classes for EP analysis 

(Chapter 5). 

 

Ward ID Ward Defined Speciality MSSA/MRSA C.difficile E.coli Total 

1A Plastics . HH LL . 

1B Neurology  LL LL LL LL 

1C Intensive Care HH HH HH HH 

1D Private Patients . . LL . 

1E Intensive Care LL . HH . 

1F Acute Admissions LL . HH . 

1G Acute Admissions HH HH HH HH 

1H Oncology LL HH HH . 

1I Oncology . HH . . 

1J Surgery HH HH HH HH 

1K Orthopaedic . . LL . 

1L Specialist and Elderly LL . LL LL 

1M Clinical Infection & Respiratory HH HH . HH 

1N Specialist and Elderly . HH LL HH 

1O Medicine . . . . 

1P Clinical Infection & Respiratory LL HH HH HH 

1Q Specialist and Elderly LL HH . HH 

1R Emergency Medicine . LL LL LL 

1S Specialist and Elderly LL HH LL . 

1T Oncology LL . . . 

1U Medical Admissions LL LL LL LL 

1V Specialist Services . LL LL LL 

1W Gastroenterology LL LL LL LL 

2A Emergency Medicine LL LL LL LL 

2B Coronary Care LL HH LL . 

2C Cardiac  HH HH . HH 

2D Hepatobiliary . HH HH HH 

2E Cardiac  . . LL . 

2F Renal LL LL LL LL 

2G Acute Admissions HH LL . . 

2H Acute Admissions LL LL LL LL 

2I Specialist and Elderly . LL HH . 

2J Cardiac  . . LL . 

2K Clinical Infection & Respiratory HH HH HH HH 

2L Clinical Infection & Respiratory LL . HH . 

2M Haematology HH HH HH HH 

2N Renal LL HH HH . 
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Ward ID Ward Defined Speciality MSSA/MRSA C.difficile E.coli Total 

2O Maternity . . . . 

2P Specialist and Elderly . HH HH HH 

2Q Intensive Care HH HH LL HH 

2R Renal HH . LL . 

2S Clinical Infection & Respiratory HH . HH HH 

2T Renal LL HH LL HH 

2U Renal . HH LL . 

2V Private Patients . . LL . 

2W Renal LL LL LL LL 

2X Gynaecology LL HH . . 

2Y Haematology HH HH HH HH 

3A Emergency Medicine HH LL LL . 

3B Acute Medical LL LL LL LL 

3C Intensive Care HH LL HH . 

3D Specialist and Elderly LL . LL . 

3E Maternity LL LL . LL 

3F Specialist and Elderly LL . LL . 

3G Surgery . HH HH HH 

3H Clinical Infection & Respiratory LL . LL LL 

3I Paediatric LL . HH . 

3J Paediatric LL LL LL LL 

3K Intensive Care LL . . . 

3L Specialist and Elderly LL LL LL LL 

3M Private Patients LL . LL LL 

3N Surgery HH LL LL . 

3O Intensive Care . HH HH HH 

3P Intensive Care LL LL LL LL 

3Q Paediatric LL LL . LL 

3R Surgery LL . LL . 

3S Clinical Infection & Respiratory . . LL . 

3T Gynaecology . LL . . 

3U Cardiac  LL . LL . 

3V Vascular LL . LL LL 

3W Specialist and Elderly LL HH LL . 

3X Acute Admissions LL HH LL . 

3Y Orthopaedic HH HH HH HH 

3Z Specialist and Elderly LL HH LL . 

3ZA Maternity HH LL HH . 

3ZB Surgery . LL LL LL 

3ZC Vascular LL HH LL . 



 

149 
 

Appendix 4: Significant Subgraphs identified by EP analysis  

(Chapter 5) 
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Appendix 5: Ward Degree, 2Step and Acquaintance Factor Values 

for CXH wards (Chapter 6). 

 
 
 

WARD ID InDegree OutDegree In2Step Out2Step InAcqFactor OutAcqFactor 

1A 33 29 112 100 3.4 3.4 

1B 2 5 17 65 8.5 13.0 

1C 21 14 86 75 4.1 5.4 

1D 24 13 101 77 4.2 5.9 

1E 29 22 100 95 3.4 4.3 

1F 25 27 97 101 3.9 3.7 

1G 38 44 110 104 2.9 2.4 

1H 38 32 111 104 2.9 3.3 

1I 30 23 112 94 3.7 4.1 

1J 46 38 115 104 2.5 2.7 

1K 30 21 105 92 3.5 4.4 

1L 6 8 69 58 11.5 7.3 

1M 29 29 108 103 3.7 3.6 

1N 23 17 101 87 4.4 5.1 

1O 33 27 118 94 3.6 3.5 

1P 27 33 99 102 3.7 3.1 

1Q 16 11 96 82 6.0 7.5 

1S 27 16 103 84 3.8 5.3 

1T 32 36 113 110 3.5 3.1 

1U 4 35 59 101 14.8 2.9 

1V 18 17 97 92 5.4 5.4 

1W 19 22 102 94 5.4 4.3 

 
 
 
 



 

156 
 

Appendix 6: Conference Presentations and Planned Papers 

 
 

Presentations: 

 

Davis G.S, Drumright L, Sevdalis N. (2011). “Geographic maps for multi-storey hospitals without 

satellite reading: method for mapping indoor areas” ESRI European User Conference 2011, Madrid. 

Davis G.S, Drumright L, Sevdalis N. (2013). “Three-dimensional geographic imaging of hospital 

environments: a novel technique to analyse, model and predict healthcare-associated infections” 

Eurpoean Congress of Clinical Microbiology and Infectious Diseases 2013, Berlin. 

 

 

Posters: 

 

Davis G.S, Drumright L., Sevdalis N, Whittikar-Axon, K, Holmes A, Frost S. (2012) “Spatio-temporal 

distribution of Clostridium difficile in the ICHNT.” HPA Conference 2012, Warwick. 

 

 

Planned Papers: 

 

Geographic maps for multi-storey hospitals without satellite reading: method for mapping indoor 

areas. 

Application of Graph Mining to Discover Substructures of Ward Layouts which impact on incidence 

of Healthcare Associated Infections. 

Understanding Patient Movement: tracking the movement of patients through a complex hospital 

network. 
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