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 Summary 

The thesis examines approaches to the forecasting of respiratory events, generally 

hospital admissions for asthma, but also mortality.  The focus of the thesis is forecasting 

accuracy rather than model specification per se.  The thesis is a compilation of eight 

papers (seven published, one “under review”), broken in to four sections, with a brief 

narrative drawing the themes together.   

 

The topic is introduced with a review of asthma - the main condition examined in the 

thesis – and the known relationships between environmental conditions and asthma 

events.  An empirical study is then presented that examines the factors affecting length of 

stay (LOS) in a hospital following an asthma admission.  The paper relies on National 

Health Service (NHS), England data for London from 2001 to 2006.  The idea was to 

demonstrate a burden of disease, as measured in this case by LOS, as a motivation for 

forecasting asthma events.  If there is no consequence for the health system of asthma 

events, then there may be no point proceeding to the forecasting.  Negative binomial 

regression was used to model the effect(s) of demographic, temporal and diagnostic 

factors on the LOS, taking into account the cluster effect of each patient's hospital 

attendance in London. The median and mean asthma LOS over the period of study were 2 

and 3 days respectively. Admissions increased over the years from 8,308 (2001) to 

10,554 (2006), but LOS consistently declined within the same period. Younger 

individuals were more likely to be admitted than the elderly, but the latter significantly 

had higher LOS (p<0.001). Respiratory related secondary diagnoses, age, and gender of 
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the patient as well as day of the week and year of admission were important predictors of 

LOS. 

 

Having established the burden of asthma on the health system, health forecasting as an 

approach is introduced in a series of three closely related, published papers.  In the first 

paper a general overview of health forecasting is provided (Soyiri and Reidpath, 2012a).  

In the second paper, there is a greater emphasis on the specific modelling approaches 

used in forecasting, and the measures of forecasting accuracy (Soyiri and Reidpath, 

2012b).  The final published paper in this series introduces in a general sense a “semi 

structured black-box approach” to forecasting.  Two modelling techniques are described 

Negative Binomial Models for modelling the conditional mean, and Quantile Regression 

Models for modelling more extreme quantiles; and these are illustrated using London 

data from 2005-2006 (Soyiri and Reidpath, 2012c). 

 

In the next section of the thesis, four empirical studies are presented, each looking at an 

approach to health forecasting in greater detail.  The first paper examines the use of 

negative binomial regression to forecast asthma related admissions to London hospitals 

(2005-2006) using weather and air quality as predictive factors (Soyiri et al, 20131).  The 

data were split in two, with one year’s data used for model development and the second 

years data used for cross validation.  Three models were contrasted; a historical average 

model, a seasonal average model, and a model using selected weather and air quality 

factors.  The seasonal model out performed the historical and the weather and air quality 

                                                 
1 Recently published  
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models. Given the known causal effect of weather and air quality on asthma, this was 

somewhat surprising, and led to an alternative approach. 

 

The second paper describes the use of humans as animal sentinels in the forecasting of 

asthma events (Soyiri and Reidpath, 2012d).  In effect, the sensitive lung is “the canary in 

the coal mine” for the less sensitive lung. Without having to measure any particular 

environmental trigger or determine the causal relationships between environmental 

exposures and asthma events, the potential exists to use the frequency of asthma events in 

the population today to predict the frequency of asthma events in the future.  The lungs of 

the population are seen as “processors of the information” about weather and air quality - 

avoiding the need to independently estimate the effects. Negative binomial regressions 

were used in the modelling, allowing for non-contiguous autoregressive components. 

Selected lags of previous days' admissions were based on partial autocorrelation function 

(PACF) plot with a maximum lag of 7 days. The model was contrasted with naïve 

historical and seasonal models. All models were cross validated, with a clear indication 

of the superiority of the lag - human sentinel - model over the seasonal or historical 

model. 

 

One of the issues with the previous approaches described here is that they rely on 

modelling the conditional mean, and yet it is often more useful to be able to forecast a 

more extreme quantile.  Knowing the conditional 90th percentile of asthma admissions for 

instance provides information about the high end of resources that should be made 

available. The third paper examines the use of quantile regression to forecast asthma 
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higher than expected numbers of asthma events in London (Soyiri et al. 2012). 

Appropriate lags of weather and air quality factors were selected, and then pooled to form 

multivariate predictive models, selected through a systematic backward stepwise 

reduction approach. Models were cross-validated using a hold-out sample of the data, and 

their respective root mean square error measures, sensitivity, specificity and predictive 

values compared. The results indicate that associations between asthma and 

environmental factors, including temperature, ozone and carbon monoxide can be 

exploited in predicting future events using quantile regression models.  Two criticisms of 

this paper arose - one during the review process, and one after the review process.  The 

criticism that arose during the review process was that the number of years (2005-2006) 

was small and it would be better to have more years of data.  The second criticism was 

that the quantile regression approach could be improved upon by using the more unusual 

quantile regression for count data. 

 

The final paper re-examines the QRM methodology taking account of the two criticisms, 

a larger dataset was identified that contained 70,830 respiratory related deaths that 

occurred between 1987-2000 in New York City (Soyiri and Reidpath, Under Review).  

The models showed improvements of quantile regression models with seasonal and 

weather/air quality predictors over a seasonal models alone.   

 

Health forecasting is in early stages of development; however, the indications are that 

relatively simple models may be able to provide information to health systems that will 

improve service delivery and resource allocation.  There remains considerable work to be 
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done in this area both in refining the modelling approaches, and in testing the models in 

different settings. 
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SECTION I 

Chapter 1 

1.0 General Introduction 

Historically humans have been fascinated with the idea of being able to foretell events 

and their consequences: births, deaths, plagues, and wars.  Crystal ball gazing, augury, 

prognostication and fortune telling all refer to this idea; and until recently, it has been the 

almost exclusive purview of crackpots, witches, and fair-ground gypsies.  The 

development of statistical and analytic techniques for forecasting has begun to put the 

process of telling the future on a scientific footing; where even if forecasting is imperfect, 

the magnitude of error and the degree of performance improvement are open to 

investigation. 

 

Over the past 50 years, economic, meteorological, and industrial forecasting have 

developed significantly. However, other areas have lagged behind, and health forecasting, 

i.e., predicting future health events or situations such as demands for health services and 

healthcare needs, remain a novel area of forecasting. When developed, health forecasting 

has the potential to facilitate preventive medicine and preventive care, and public health 

planning aimed at facilitating health care service provision in populations (1). 

 

Literature on the subject of health forecasting is limited, and the lack of literature is 

particularly obvious when looking into specific topics /areas, such as the one that is the 



2 
 

focus of this thesis, the forecasting of adverse respiratory health events like asthma 

exacerbations. 

 

Forecasting asthma events has been the focus of limited research - although it has drawn 

considerable attention in terms of causal modelling, where researchers seek to identify 

factors that cause asthma events. Simply transposing forecasting approaches without 

adequate investigation is too ad hoc.  Where tools have been used in health forecasting, 

the approaches do not necessarily share clear, common definitions and they rely on 

diverse measures to evaluate accuracy, even though the approaches are mostly adapted 

forms of statistical procedures used in other areas of forecasting (2). There is no single 

approach to health forecasting, and various methods have been adopted to forecast 

aggregate or specific health conditions as discussed subsequently. Health forecasting 

requires reliable data, and suitable analytical tools for the prediction of health conditions 

or health events. The aim of this thesis is to develop and test methods for health 

forecasting. 

 

Health systems rely on information and good judgement to anticipate events, to plan and 

adequately allocate resources for the future. Health forecasting has the potential to 

provide tools necessary to inform and support the smooth running and provision of health 

care services. 

 

This thesis investigates the essential principles in forecasting, which have relevance to 

health, and are commonly used in forecasting various health conditions and /or situations. 
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It then evaluates a number of statistical methods and forecasting approaches in predicting 

anticipated and peak/extreme health events.  

 

By virtue of its nature (thesis by compilation) of papers, this report contains many 

standalone chapters that are the reproduction of articles that needed to be sufficiently 

detailed and provide enough background to stand alone. The report consists of a number 

of studies; including reviews and methodology papers as well as five empirical papers, 

which collectively, are about an investigation of approaches to health forecasting. 

 

1.1 Problem statement  

 

A number of questions or issues can arise from the concept of health forecasting and how 

it can be used to meet the needs of health services. Some of these, which are important to 

this thesis include:  

1. What kind of data can be used in developing a health forecast?  

2. Are the key principles in health forecasting adequately described to guide the process 

of health forecasting?  

3. Are there any defined health forecasting horizons (range of period the forecast is 

intended to cover) to match the methods often used in health forecasting?  

4. Approaches for determining accuracy and validity not explicitly presented,  

5. What are the typologies for health forecasting methods?, and  

6. What are the strengths and weakness of health forecasting techniques?   
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Assuming that asthma admissions represent a significant burden to a health system, can 

expected asthma admissions be forecast? 

To what extent does knowledge of weather and air quality support forecasts of 

expected asthma admissions? 

Is forecasting of expected admissions improved if one assumes that current 

asthma admissions predict future admissions? 

However, even if forecasting proves to be successful, the expected number of admissions 

(i.e. the mean) may not be as informative for health systems planning as knowing the 

likely peaks in daily admissions. This leads to further question:  

Can peaks in the number of respiratory related health events be forecast? 

 

In order to attempt to answer some of these questions, using a sample of a large 

population dataset of individuals hospitalized for asthma in London, an exploration of 

aspects of the disease burden and the key determinants of its exacerbation was conducted. 

Also the classical approaches to forecasting and classification of its typologies which 

may be applicable to health forecasting were revisited.  

 

A number of studies have demonstrated strategies for forecasting chronic respiratory 

health events using hospital administrative data and environmental data (3-6). These 

studies have contributed to the management of health delivery services in some respects 

(7, 8). Earlier approaches have often used aggregate health conditions rather than specific 

disease approaches (9-11). For example, they may use “attendance at an accident and 

emergency centre” generally, rather than asthma related attendance. This is an issue 
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because; such a forecast does not provide sufficient information to guide the management 

of specific health conditions. 

 

Almost without exception, similar approaches have attempted to use averages, such as the 

daily mean, but have not considered estimating the tails of the distribution. By modelling 

the tails of the distribution one can determine the occurrence of extreme or peak events 

which has the advantage of forewarning service delivery, clinical diagnosis and 

assessments as well as resource allocation. 

 

Whatever approach has been used in the past there is considerable variation in the 

determination of the validity. To what extent do these approaches vary? 

 

1.2 The aim and main objectives  

 

This thesis aims at developing and evaluating methods for health forecasting specific 

disease conditions; primarily using data on asthma admissions in London and 

secondarily, using respiratory related deaths in New York City. 

 

1.2.1 The specific objectives of the work include 

1. To investigate the key principles applicable to health forecasting and develop a 

framework for conducting a health forecasting scheme; 

2. To examine the factors that interplay and lead to asthma related health visits and, to 

also evaluate practical approaches to health forecasting using these factors; 
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3. To develop a predictive tool for estimating the burden of asthma related to the Length 

of stay (LOS) during admission/hospitalisation; 

4. To develop and evaluate a predictive model for forecasting asthma daily admissions 

using negative binomial regression models; 

5. To evaluate a lag model for forecasting asthma daily admissions based on previous 

records; 

6. To test an approach for forecasting extreme/peak health events using quantile 

regression models. 

 

1.3 Study location, data sources and organisation 

1.3.1 Main study location: London area 

The main study location was London; the region /area bounded by the M25 motorway 

(Figure 1) which encircles (188 km) Greater London in the United Kingdom. London is 

the most populous municipality in Europe and among the world’s biggest cities. 

According to a recent population census report released by the Office for National 

Statistics (ONS), the resident population of London is estimated to be 8.174 million, with 

a density of 5,200 people per square kilometre (Figure 1) compared to the 321 individuals 

per square kilometre for the rest of England and Wales (12). The city also has by far the 

greatest diversity in ethnicity and is a global leader in many areas/sectors including 

education, research, and health. In London, commercial, industrial and other overbearing 

human activities have direct or indirect impact on the environment and population health. 

This situation of London makes it immensely important to public health and surveillance.  
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London has a publicly funded healthcare system called the National Health Service 

(NHS) as well as private systems, which are all regulated by the government through the 

Department of Health. The set up of the health system enables relevant organizations 

/authorities such as the Hospital Episode Statistics database (HES) to gather and use 

health data and information. 
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Figure 1 Map of England and Wales showing local and unitary authorities 
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1.3.2 Data sources and data organisation 

A number of independent datasets were sourced. These included asthma hospital 

admission data from the Hospital Episode Statistics database sourced through the Met 

Office; weather and air quality data. Even though these datasets each presented a 

collection of indicators with a corresponding time (date) record, they were provided as 

raw data files with little pre-processing. The data were cleaned and organised for 

analyses. Independent time-series datasets for each of the three sources mentioned above 

were generated by summarizing and ordering the daily records. These three new time-

series datasets were then merged into a single dataset (date-matched) and used in the 

development of the forecasting models. The Asthma admissions, Weather, and Air 

quality data sets are each discussed in turn. This process is described in turn for each of 

the datasets. 

 

1.3.2.1  Asthma emergency hospital admissions 

The Hospital Episode Statistics (HES) is a record-level data warehouse managed by the 

NHS Information Centre for Health and Social Care Data.  The data included a record of 

all asthma emergency hospital admission within London from January 1, 2001 to 

December 31, 20062.  

 

Our operational definition for Asthma Admission was any diagnosis with a primary 

diagnostic ICD-10 code for asthma which is “J 45”. Data from the HES are extracts from 

                                                 
2 The HES data was procured by the Met Office Health Forecasting Team  
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routine data flows exchanged between healthcare providers and commissioners via the 

Secondary Uses Service (13). The data entry and quality checks involved have been 

described elsewhere (13). Asthma hospital admission in this dataset was indicated by a 

unique variable, which contains the “anonymised” / “de-identified” personal identity of 

the individual hospitalized. 

 

The strengths and weaknesses of the HES data source and similar hospital admissions 

/episode statistics have been discussed extensively in the literature; in particular, issues 

have been highlighted regarding the compilation and purpose of the dataset (13-20). The 

HES data is known to have some shortfalls in maternity and psychiatric data for example. 

A tool, Data Quality Indicator (DQI)3 is made available, which enables both users and 

providers of HES data to analyse the data quality at the level of the NHS Trust(13). 

However, no DQI reports were available for asthma related to our dataset. An issue of 

generic concern in dealing with data on asthma morbidity has always been the difficulty 

associated with its diagnosis. Nonetheless, it remains the best available data. 

 

Mindful of these discussions and the nature of some inherent deficiencies in the dataset 

on asthma hospital admissions, such as difficulty in diagnosis, we proceeded to examine 

dataset and explore the possible associations between asthma admissions as a key 

dependent variable and other independent factors within other datasets. This data 

assessment was focussed on establishing the disease burden and subsequently predicting / 

forecasting asthma admissions. 

                                                 
3 The Data Quality Indicator provide a summary of HES data quality, and should identify issues that need 
to be addressed by data providers, and taken account of by analysts 
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The probability plots (normal distribution) of the key dependent variable (Asthma 

hospital admissions) and other selected variables in the HES dataset were examined, and 

checked for outliers as well as the proportion of missing entries. A comprehensive list of 

the variables in the HES dataset are listed and fully described elsewhere (16). Individuals 

(patients) were identified by a unique ID number4 across all data years (13). This unique 

ID number together with the date enabled us to treat each visit as unique and also identify 

all repeated number of visits within the study time frame. 

 

We restricted some of the analyses to the available air quality and weather dataset, which 

only recorded data in London from January 1, 2005 to December 31, 2006. A new time-

series variable was created from the HES data. This was a count of all unique, hospital 

admissions with a primary diagnosis of asthma for each day from January 1 2005 to 

December 31 2006 of all hospitals in London. This was done by collapsing the total 

number of daily admissions (of all individuals) for asthma. Hence the new time series 

dataset from this manipulation mainly consisted of the time indicator and new asthma 

variables for the period described above. 

 

1.3.2.2  Meteorological factors 

The daily Meteorological factors5 for all weather monitoring sites (and their respective 

postcode areas in London), as well as their location coordinates and altitudes were 

                                                 
4 It is generated by matching records for the same patient using a combination of NHS Number and local 
patient identifier, plus the patients' postcode, sex and date of birth; but maintaining anonymity. 
5 Meteorological factors: Maximum Temperature (deg C); Minimum Temperature (deg C); Night 
Minimum Temperature (deg C); Night Maximum Temperature (deg C); Day Maximum Temperature (deg 
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sourced through the UK Met Office database (Methodology for data collection is 

described elsewhere6). This dataset was matched to all postcodes by their respective 

nearest (distance) monitoring station postcode. 

 

The key meteorological indicators in this dataset were: Maximum Temperature (degrees 

Celsius), Minimum Temperature (degrees Celsius), Night Minimum Temperature 

(degrees Celsius), Night Maximum Temperature (degrees Celsius), Day Maximum 

Temperature (degrees Celsius), Day Minimum Temperature (degrees Celsius), Mean 

Wind Speed (knots), Ambient Air Temperature (degrees Celsius), Wet Bulb Temperature 

(degrees Celsius), Dew Point Temperatures (degrees Celsius), Barometric Vapour 

Pressure (hectopascals), and Humidity (%). These were presented as daily records. The 

weather stations (Figure 2) in the UK as a whole report a mixture of snapshot hourly 

observations of the weather condition and this is known /referred to as synoptic 

observations. Also the daily summaries of the weather measures are however known 

/referred to as climate observations (21). The detailed description of individual weather 

elements and how they were quantified over the period has been described (22). Five 

weather stations within the London area were considered representative (Figure 2 

Synoptic and climate stations).  

 

The weather data from each of the five selected weather stations in London (Heathrow, 

High Wycombe, London Weather Centre, Northolt and South Farnborough) were 

                                                                                                                                                 
C); Day Minimum Temperature (deg C); Mean Wind Speed (m/s); Wind direction; Ambient Air 
Temperature (deg C); Wet Bulb Temperature (deg C); Dew Point Temperatures (deg C); Vapour Pressure 
(HPa); Humidity (%); 
6 http://www.metoffice.gov.uk; http://badc.nerc.ac.uk/home 
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averaged, to produce a single daily summary of London weather. In the analysis of time 

series data there is often a trade-off between creating usable data sets and information 

loss. Averaging data as described above results in loss of information. The strategy, 

however, was supported by a preliminary analysis, in which generally high correlations in 

the weather indicators data was observed between the different weather stations.  There is 

precedent for this kind of approach [e.g., (23)]. 
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Figure 2 Synoptic and climate stations within region 6 of the UK (including the 

London area) 

 

Source: Met Office Hadley Centre;  
Available: http://www.metoffice.gov.uk/climate/uk/networks/images/map6.gif  
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1.3.2.3  Air quality estimates  

Air quality is monitored across the UK through a variety of sites at strategic locations 

which continuously capture ambient air quality levels for selected pollutants. In London 

(2008), about 16 functional sites located across the region (Figure 3 below) provided air 

quality measures for various pollutants. The UK Air Quality Data Archive provides this 

information, and details on the location and characteristic nature of each site as well as 

the measures they provide (http://www.airquality.co.uk/detailed_zone.php?zone_id=15). 

This additional information also includes a description of the mode and frequency of 

quantification of all the respective pollutant measures.  

 

In this study we had access to two air quality datasets, and these were provided as: 

(1) Daily values derived from the Air Quality Archive (AURN) in situ measurements 

for 2001-2006, matched to postcode districts by closeness, up to 50 km; 

(2) Daily values from the Met Office’s Numerical Atmospheric-dispersion Modelling 

Environment (NAME) database for postcode districts (2005-2006), which 

accounts for both accident and episode analysis, and also used for pollution 

forecasting (24). 

 

Our analysis was based on the second dataset, from the NAME which consisted of daily 

estimates of Carbon monoxide (kgm-3), Formaldehyde (kgm-3), Nitrogen dioxide (kgm-3), 

Nitrogen oxide (kgm-3), Ozone (kgm-3), Particulate Matter [PM10] (kgm-3) and Sulphur 
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dioxide (kgm-3). These modelled daily air quality estimates7 do account for both accident 

and episode analysis (24). 

 

Some other air quality readings, such as PM2.5, black smoke etc, that are known to be 

causally related to asthma events were not available in this dataset. Preliminary 

investigations carried out to examine the relationship between the patterns of 

distributions of air quality measures across several stations in London showed very wide 

variations. These variations largely reflected the different types and locations of the 

measuring stations. Urban Background measures are known to account for urban 

locations that are distanced from potential sources of direct emissions (pollutants), and 

therefore are broadly representative of city-wide background conditions (25). Hence we 

sought to use only recognised “Urban Background” measuring stations for the purpose of 

comparing sites and generalising some area measures. 

 

In the London air quality dataset, we collapsed daily average values and subsequently 

generated a new dataset, which included daily average air quality measures for all the 

representative areas. Hence we generated a new representative air quality variable for the 

entire London region. 

                                                 
7 Daily mean values of Carbon monoxide; Nitrogen Dioxide; Nitrogen oxide; Ozone; Particulate matter10; 
Formaldehyde and Sulphur dioxide in SI units; Estimates used by UK Met Office in accordance with the 
National Statistics Code of Practice (See appendix for further information on NAME) 
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Figure 3 Greater London air quality monitoring sites 

 

Greater London Air Quality Monitoring Sites 

 
Source: UK Air Quality Archive 
Available at: http://www.airquality.co.uk/detailed_zone.php?zone_id=15  
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1.3.2.4  Additional predictor variables 

We generated additional potential predictor variables to account for monthly and seasonal 

variations as well as the rate of temperature drop. The “day of the week” and “monthly” 

variation indicators were generated form the date variable whilst the “seasonal” dummy 

variable was created by categorizing the days of the year into the four known 

astronomical seasons (spring, summer, autumn and winter) (26). We created variables to 

represent the rate of temperature drop by evaluating the temperature differences (i.e. for 

day, night and maximum/minimum daily temperatures). 

 

1.3.2.5  Creating time series dataset 

The use of the term time series, in this investigation, refers to a sequence of observations 

that are ordered in time (1). Three time series datasets were generated from the three 

datasets described above. In order to create a time series from the asthma admissions 

data, a process which converts the dataset in memory into a dataset of means or sums, 

described by the Stata statistical package as collapse, was used in producing our time 

series dataset. This process was repeated for the air quality and weather datasets. The 

series were then combined by date-linking all the three datasets. The final dataset 

generated therefore consisted of a time variable, which was designated by the date as well 

as independent variables representing daily averages of air quality and weather measures 

of the various measuring stations. 
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The final time series dataset, on which all analyses of hospital asthma admissions were 

based, comprised the count of daily admission (dependent variable), the averaged daily 

weather data, and the averaged daily air quality data.  This represented a complete dataset 

with only 3% of missing data (24days) for only humidity and temperature between 1 

January 2005 and 31 December 2006.  

 

Although the approach taken here to the data analysis is not entirely for the strict purpose 

of hypothesis testing, nor is it strictly parameter estimation, we nonetheless use the 

general convention of referring to the count of asthma admissions as the dependent 

variable; all other variables collectively are called the independent variables. Figure 4 

summarises the steps involved data management, modelling and forecasting. 

 

1.3.3 NMMAPS data of New York City (1987-2000) 

In order to extend the application of an approach to forecasting extreme/peak health 

events, we sourced additional data from the National Morbidity, Mortality, and Air 

Pollution Study (NMMAPS) data of New York City (27). The data are publicly available 

through the Health and Air Pollution Surveillance System website 

(http://www.ihapss.jhsph.edu), and, in our case, was accessed using the NMMAPS 

package in the R statistical environment (28). The daily count of respiratory deaths was 

the outcome measure of interest. The data included 70,830 respiratory deaths over 5,114 

days of surveillance.  
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The dataset also included a range of daily weather and air quality measures which were 

used as predictors in the modelling. The predictors included daily mean air temperature, 

dew point, ozone (O3), sulphur dioxide (SO2), nitrogen dioxide (NO2), and carbon 

monoxide (CO). Measures of particulate matter were not included because of the levels 

of missing data. In addition to the measures of weather and air quality, cosinor values 

representing a yearly and a half yearly cycle (29, 30), and dummy variables representing 

the days of the week were also used as predictors. 
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Figure 4 Framework for managing data and developing asthma forecast model(s) 
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1.4 Preliminary analyses 

Tools for describing aspects of the disease burden related to the LOS and for predicting 

and forecasting hospital admissions for asthma were developed. Generalised Linear 

Models (GLM), specifically count models (Poisson and negative binomial regression), 

and Quantile Regression Models (QRM) were used to model the asthma daily 

admissions. The methods and their reference literature are subsequently discussed. 

 

The preliminary data exploration involved basic descriptive analysis and an examination 

of the general distribution(s) of the variables. This also included some tests of association 

between variables. Some of these preliminary exploratory analyses are presented in the 

appendix. 

 

1.4.1 General distribution of variables, summary statistics by categories 

In order to understand the nature of the distribution of the data, the probability plots of 

the continuous variables were examined. Subsequently, summary statistics were 

calculated according to the categories of major percentiles in their distribution or known 

recommended categories. 

 

We also further inspected the probability plots of the key dependent variable (i.e. Asthma 

hospital admissions) and other selected variables in the HES dataset, and checked for 

outliers. The same analysis was done for the other datasets (Weather and Air Quality). 

We examined variables according to the scales (e.g. interval, ordinal, nominal and 

dichotomous) and types (e.g. categorical, continuous, ratio, discrete) of data, and on this 
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basis identified the appropriate bivariate statistical tools (31, 32) for preliminary 

descriptive analysis.  

 

1.4.2 Distribution of meteorological indicators across measuring stations 

The patterns and correlations in the distribution of meteorological and air quality 

indicators across measuring stations in London were observed by scatter plots and 

correlation matrices. Thus we examined the individual relationships between the 

dependent variable and each of the independent variable. 

 

1.4.3 Basic associations of asthma admissions and independent factors 

The basic associations of asthma admissions and environmental factors were tested using 

cross tabulations (with suitably categorized frequencies of variables). Also separate 

negative binomial models for each exposure variable (uncategorized) were used for 

bivariate comparisons. These initial /preliminary analyses helped us to understand the 

strengths of association between asthma daily admissions in London and environmental 

effects. 

 

1.4.4 Distributions of asthma admissions by demographics & spell related factors 

We examined the basic associations between individual daily hospital admissions for 

asthma and the categories of demographic factors using cross tabulations and/ 

correlations. The same statistical analyses were conducted for categories of asthma spell 
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related factors (time and duration of hospitalization, related secondary diagnosis, type of 

health facility, etc.) (33) 

 

1.4.5 The lag effects of exposures  

In order to understand the nature of the compensatory period required to fully experience 

the cumulative effect of an exposure, the lag properties of independent weather and air 

quality variables in the dataset were compared. We followed an approach to generate 

single lag models that provide estimates for the effect of a unit increase in an exposure 

over a single day. Hence the lag properties of individual meteorological and air quality 

factors were explored for modelling asthma daily hospital admissions in London. 

 

1.4.6 Time series forecast models 

The forecasting of daily asthma hospitalisations in London given meteorological and air 

quality factors was investigated using generalised linear modelling (GLM) techniques 

(34), and quantile regression (35, 36). The GLM techniques include a range of statistical 

linear models, which have non-normal probability distributions, such as the Negative 

binomial regression. These models correctly fit the data because they do not usually 

require the variance to be constant / equal to the mean, in hypothesis testing. 

 

1.5 Forecasting  

Forecasting, as opposed to traditional hypothesis testing and causal analysis, is 

principally concerned with the prediction of future events, rather than explaining the 
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relationships between variables.  This is a distinctly instrumental approach to data, which 

in the domain of health is usually directed towards practical outcomes such as early 

warning for peaks in service demand.  In the selection of a good model, some important 

criteria and tests that have often been referred to and used include attributes like the 

predictive power, theoretical consistency, goodness of fit /other fits like R2 or AIC, 

“identifiability” and parsimony (2, 37). The value of a forecasting model is based on (a) 

its predictive rather than its explanatory power, and (b) the simplicity/cost of its 

implementation. 

 

Predictive power of a forecast model is related to the forecast error, a measure of the 

difference between the actual value and the forecast value for a corresponding period 

(38). Forecast error can be estimated by a number of methods8 which are described in 

later section (39).  

 

Forecasting asthma (hospital admission) events, however, is not simply a question of 

estimating a daily figure. It is also potentially a matter of alerting services about days of 

peak/high demand. In this case one is making a binary forecast: a day of peak/high 

demand or a day of normal demand. The value of this approach to forecasting can be 

examined with a traditional analysis of clinical -test accuracy; that is, the positive 

(normal) and negative (extreme) predictive value of the test. Predictive values, sensitivity 

and specificity tests have been used extensively in many different ways to assess the 

accuracy of determining an event (40, 41). 

                                                 
8 Mean squared error (MSE), Percent mean absolute deviation (PMAD), Mean absolute percentage error 
(MAPE), Forecast skill, Mean absolute error and the Root Mean Squared Error (RMSE) 
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1.5.1 Generalized linear models with count models 

Poisson regression and negative binomial regression were used as the techniques of 

choice for modelling the asthma (hospital admissions) events data. Poisson regression is 

well suited to the modelling of count data, and one of the most common techniques used 

for modelling asthma events (34, 42-44).  However, in causal modelling and hypothesis 

testing, it is not suitable when there is over-dispersion in the data - that is when the 

variance exceeds the rate of daily asthma events. In these circumstances, negative 

binomial regression is the preferred modelling technique, and this is discussed in Chapter 

4 (45). 

 

We illustrate this point further using the total number of daily hospital admissions for 

asthma, which was generated from the HES dataset; these episodes (count records of non-

negative integers) range from 6 admissions per day to 130 admissions per day. 

Considering the entire range of this dependent variable, its distribution was observed to 

be slightly skewed. 

 

Poisson regression (equation 2) is one of the basic parameterised count models. It 

predicts the expected number of hospital admissions for asthma assuming that the 

variance equals the mean (P
2 = u) (46). Meanwhile, the predicted rate of daily admissions 

can be estimated as:  
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Equation I Rate of admissions 
 

Y = Pr(Yi = A | E) = exp(Eβ)     (1) 

 

Where: 

Y  is the predicted rate of daily admissions 

E  is the given exposure for i 

β  is the coefficient of a given exposure measure 

 

Where the probability of observing a specific count (of total daily hospital admissions for 

asthma), ‘A’, given ‘y’ (i.e. the predicted rate of daily admissions) is computed as: 

 

Equation II Poisson regression 
 

  (2) 
 

NB: Pr (Asthmai) is the probability of asthma admission for a given day, i 

 

Assuming there is no over or under-dispersion (i.e. P
2=u), the expected value of y is 

determined by the coefficient of the exposure variables (β). That is, β explains the 

marginal change in the number of hospital admissions given a one-unit change in the 

exposure variable. 

 

It is, however, not uncommon to observe over dispersion in the data. Under such 

circumstances, the negative binomial regression model is preferred (46-50). In a negative 
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binomial model, the probability of observing a specific count of asthma events estimated 

by: 

 

Equation III Negative binomial model [A] 

 

  (3) 

 

Where: 

λ is the mean of the distribution; 

α is the over dispersion parameter; 

y is the component of the dependant variable represented by the counts of 

say daily asthma admissions: 0, 1, 2, …; 

Γ is a gamma function. 

 

Alternatively, equation III may also be presented in the form: 

 

Equation IV Negative binomial model [B] 

 

   
   

iyα

i

i
ii αμ+

αμ
.

αμ+
.

αΓ+yΓ

α+yΓ
=X|y=YP 
















11

1

/11

/1
/1

   (4) 

 

Where:  
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yi represents the number of admissions;  

μ = exp(Xiβ);  

β is the vector of coefficients;  

Xi is the vector of predictor variables (in this case “1” for the historical 

model, the dummy variables of three seasons for the seasonal model, and the 

admissions counts for the lagged days 1, 2, 3, 6 and 7 for the lags model); 

α is the overdispersion parameter; and 

Γ is a gamma function. 

The predictor variable parameters (β) were estimated via maximum likelihood estimation. 

 

In the Negative binomial regression model, the count dependent variable is generated by 

a Poisson-like process, except there is an additional parameter to account for variation 

that is greater than in a Poisson model. The preference for the negative binomial model 

over Poisson model is largely determined by the value of the dispersion parameter (α). If 

α is significantly greater than zero (α>0) then the negative binomial model is preferred 

(46, 48). The post estimation tests (vuong test and robust options in Stata statistical 

software) provide better estimates of the marginal effects for the standard error terms in 

the final model (46, 48). The robust standard errors adjust for the heterogeneity in the 

model, and also provide better estimates of the standard errors for the model. Hence this 

additional model diagnostic procedure is useful in further identifying and eliminating 

predictors that are not significant in the model. 
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Further tests involving the “goodness of fit” and “link test” in Stata, were used for the 

purpose of checking the model specification. The procedure for the goodness of fit test 

provides the deviance statistic, which is used in deciding on the preference for the 

Poisson regression or the negative binomial regression (45). The link test (51) is a test of 

whether the hypothesized link function – in this case a negative binomial link function – 

is correctly specified in a GLM model. In the Stata software, the significance of the Link 

test is determined by the p-values of both the predicted variable (“hat”) as well as the 

square of the predicted variable (“hatsq”). Hence the hat should be significant since it is 

the predicted value. Meanwhile, the p-value for the hatsq should not be significant, (since 

the squared predictions should not have much explanatory power) when the model is 

correctly specified. 

 

1.5.2 Quantile regression 

The thesis proposes the use of quantile regression techniques to forecast health events in 

a time series setting beyond the mean of the outcome of the distribution, i.e., at the high 

extremes of the data. Quantile regression technique was introduced by Koenker and 

Bassett in 1978 as an extension of the linear-regression model. The quantile regression 

does not assume normality of the dependent variable and it models the conditional 

quantiles as functions of predictors; specifying changes in any conditional quantile (35, 

52-54). Unlike the linear-regression, quantile regression models have the ability to 

characterize the relationship between the dependent variable and the independent 

variable(s) on any quantile especially including the median (50th percentile) or some 

more extreme quantiles such as the 95th percentile.  
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In theory, the nth quantile of the dependent variable Y is the value, Q(n), for which its 

given probability is P[Y<Q(n)]=n. This given probability is assumed to have a 

distribution with corresponding quantile estimates for n, which exclusively range from 

zero to one (i.e. 0<n<1) (55). The corresponding quantile regression model which 

explains the relationship between the dependent variable, Y can then be expressed as 

 

Equation V Quantile regression model 
 

     (5) 

 

Where: 

 is asthma hospital admissions for a given day, i 

 is a constant term 

 is the coefficient of the exposure term 

 is the exposure term 

 is the error tem 

 

Quantile regression techniques have been used for estimating several extreme/peak 

outcomes and they include modelling the effect of meteorological factors on some 

environmental pollutants (56), describing the sea level trends at different tides (57), 

modelling the factors that affect ecological processes (58-60), and even the effect of 
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school quality on student performance (61). In health related research, quantile regression 

has been used to investigate differential body mass index of children (62). 

 

In this study, we used quantile regressions to estimate extreme variations in asthma 

hospital admissions resulting from the changing patterns of selected meteorological and 

air quality indicators in London. However, because of the paucity of data at our disposal 

(inability to achieve a convergence in the estimation of the maximum-likelihood model), 

we further explored the same technique using a different dataset involving respiratory 

related deaths in a similar large urban population (New York City). This latter analysis 

was largely as a further proof of the concept and not directly linked to asthma admissions 

although it did relate to respiratory outcomes. The analyses for QRM are presented in 

section IV of the thesis. 

 

The idea of using quantile regression techniques in a time series is quite innovative and it 

adds modest novelty in the focus of forecasting for biomedical research. There is a great 

potential for the proposed practice of using QRMs in forecasting health events at 

extremes of the data 

 

1.6 The Thesis Structure (Section and Chapter outline) 

The remainder of the thesis is developed in the following sections and chapters: 

The Section and Chapter outline of the thesis follows: 

SECTION I 

Chapter 1: Introduction and outline 
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SECTION II 

Chapter 2: A discussion paper on Asthma and the environment 

Chapter 3: Asthma Length of Stay in Hospitals in London 2001–2006 

 

SECTION III 

Chapter 4: Semi-structured black-box prediction: proposed approach for asthma 

admissions in London 

Chapter 5: An overview of health forecasting 

Chapter 6: Evolving forecasting classifications and applications in health forecasting 

 

SECTION IV 

Chapter 7: Forecasting asthma related hospital admissions with negative binomial models 

Chapter 8: Humans as animal sentinels for forecasting asthma events  

Chapter 9: Forecasting peak asthma admissions in London: an application of quantile 

regression models  

Chapter 10: The use of quantile regression to forecast higher than expected respiratory 

deaths in a daily time series: a study of New York City data 1987-2000 

 

SECTION V 

Chapter 11: General Discussion 

Chapter 12: Conclusions and Contributions  
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Figure 5 The Thesis structure and outline  
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Section I is the introduction. Sections II and III present the background literature on 

asthma and health forecasting. Section IV presents various analytical approaches which 

investigate modelling and forecasting with negative binomial regression and quantile 

regression. The final section V contains the discussion, conclusion and recommendations 

of the thesis.  

 

In Section I, which is also Chapter 1, the Introduction to the thesis includes extended 

highlights on the preliminary data analyses and methods used.  Further outputs are 

referenced in the Appendix. 

  

Chapter 2 consists of a discussion paper on asthma and the environment. It provides a 

broad snapshot of the disease burden, particularly in the United Kingdom (UK), as well 

as summaries of some key social and environmental factors known to cause and/or 

exacerbate the condition. It sets the stage for the subsequent analyses. 

 

A preliminary and critical issue was to establish the point for the forecasting. If there is 

no disease burden, then there is no need for a forecast. Chapter 3 therefore investigated 

an analytical approach to estimating a component of the disease burden in the form of 

Length of Stay (LOS) during admission. This paper models LOS as a function of 

demographic, diagnostic and temporal factors using a fixed effect model of a negative 

binomial regression. Important predictors of LOS are thus identified, and their collective 

and individual effects explained.  
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Chapter 4 extends the literature on the factors associated with asthma, into forecasting 

daily events. The paper then proposes approaches for forecasting, and this is exemplified 

using administrative health records of asthma admissions in London between 2001 and 

2006. 

  

Chapters 5 and 6 both critically review the literature on forecasting and health 

forecasting. Chapter 5 provides an overview of health forecasting, which includes 

theoretical analysis of health forecasting as well as descriptions of some uncommon 

principles. Further insights on matters related to the value of health forecasting in health 

services provision are also discussed. Building on this knowledge base, Chapter 6 then 

examines the evolving forecasting classifications and their potential applications in health 

forecasting. It identifies previous forecasting typologies and also discusses the strengths 

and weaknesses of these methods.  

 

Chapters 7 and 8 advances one of the analytical approaches to health forecasting which 

was proposed in chapter 4 (45). The two chapters use negative binomial models to 

develop health forecasting models using environmental predictors on one hand (Chapter 

7) and univariate lag models of asthma daily admissions on the other hand (Chapter 8). 

 

Chapters 9 and 10 delve further into analytical approaches that could be adapted to 

forecast peak /extreme health events. These chapters use quantile regression models and 

involve environmental predictors. 
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Chapter 11 is a general but brief discussion of all the key findings presented by the 

various chapters. 

 

In the concluding Chapters, 12, the salient contributions of the thesis as well as its 

limitations are reiterated. Areas of future research are also identified and highlighted. 

 



38 
 

SECTION II 

Chapter 2 

 

2.0 A discussion paper on asthma and the environment 

This chapter presents a brief background on asthma and its environmental influences. The 

review of the literature on asthma focuses on its epidemiology, potential environmental 

mediating factors, and disease burden – highlighting the socio-demographic, economic, 

and health services management related perspectives. The reason for conducting this 

review was to provide the background literature on asthma, and to help in identifying 

aspects of the disease burden. 

 

The review is intended as an overview of the concepts and factors that interplay to 

determine the disease prognoses, highlighting the approaches that could be exploited in 

managing the condition through health forecasting. For instance, reliable longitudinal 

data on some of the important factors mentioned (weather and air quality factors like 

temperature and ozone pollution) could potentially be useful in predicting future asthma 

events to help ease health care provision and improve disease burden. 
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2.1 Introduction 

Asthma is a global public health problem and is also well known as the most common 

chronic disease among children (45). It is under-diagnosed and under-treated, and 

constitutes a significant burden to individuals, societies and institutions (45, 63-69). 

Recent global estimates suggest that as many as 300 million people are affected 

worldwide (64, 70, 71). Meanwhile, the overall global burden of the condition is rising, 

with children being the hardest hit (64, 67, 69, 72, 73). The World Health Organization 

(WHO) lists Asthma as “a chronic disease characterized by recurrent attacks of 

breathlessness and wheezing, which vary in severity and frequency from person to 

person. Symptoms may occur several times in a day or week in affected individuals, and 

for some people become worse during physical activity or at night. … During an asthma 

attack, the lining of the bronchial tubes swell, causing the airways to narrow and 

reducing the flow of air into and out of the lungs. Recurrent asthma symptoms frequently 

cause sleeplessness, daytime fatigue, reduced activity levels and school and work 

absenteeism” (63). 

 

Asthma and other closely associated conditions such as wheezing have been well 

recognised in history. In very early times, asthma was perceived as an act of God to 

cleanse the body of evil spirits (74). Various reports and historical findings suggest that 

the condition must have been recognised and treated in different ways even earlier than 

the time of Hippocrates (460-360 BC). However in the medical literature, Hippocrates  is 
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known to have provided the first description of asthma (Corpus Hippocraticum)9; even 

though it is not clear whether he meant asthma as a clinical entity or as merely a set of 

symptoms (75-78). Notwithstanding the significant developments in our clinical 

understanding since then, which have greatly improved the knowledge base and 

understanding of the morbidity and its prognosis, there remains some grey areas.  

 

Asthma is reported to affect people of all races and ethnic groups worldwide, from 

infancy to old age, but with slightly more boys than girls affected and, after puberty, more 

women than men (64, 70). This is consistent with some earlier findings in the United 

Kingdom (England & Wales), where a similar pattern was reported from data on patients 

consulting their General Practitioners for asthma (79). 

 

The natural history of asthma is well understood, and the prognosis is generally 

predictable (45, 80). The diagnoses however remains a challenge, as the disease is not 

clearly defined by a particular set of conditions, but a mix of several dynamic factors (45, 

65, 69, 81). There are also numerous and quite unpredictable underlying causes of 

asthma, including genetic and environmental factors (40, 69, 82, 83). Given the complex 

nature of the condition, the diagnostic techniques commonly employed in detection 

include the clinical history and patterns of symptoms, physical examination and lung 

function measurements including spirometry, as well as skin tests for allergens (84). 

 

                                                 
9 The Hippocratic Corpus - a collection of early medical works from ancient Greece associated with Hippocrates and his teachings. 
They are known to vary in content, age and style with unknown authorship. 
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A number of studies have identified a change in the global epidemiology of asthma; and 

it is well documented that developed countries have consistently shown dramatic 

increases in its prevalence (67, 82, 85, 86). This change has more recently been observed 

in some less-developed countries (64, 68). 

 

In 2001, the United Kingdom National Asthma Campaign (87) reported that asthma 

affected over five million people, about one in five households. Meanwhile the HES 

showed a 6.0% increase over a 10-year period (between 1999 and 2008) in the number of 

admissions to hospital in England alone with asthma and allergies. The majority of these 

patients were either young males or older females (88). However, some other reports 

showed that the United Kingdom as a whole had prevalence rates of more than 15%, 

which was considered one of the highest in Europe (64, 68). According to Asthma UK, 

67,077 people in England were hospitalized for asthma between April 2006 and March 

2007, of whom more than 40% were children under the age of 15 years (89). 

 

2.2 The disease burden of Asthma 

On a per capita basis, the United Kingdom has the greatest burden of severe asthma of 

any country in Europe (90). The Global Initiative for Asthma (GINA) reports that more 

than 18% of people in Scotland, 17% of people in Wales and 15.3% of people in England 

experience symptoms of asthma. This compare unfavourably with 8.2% of people in the 

United States (91), 7% in Germany and 7% in France (92). Of those asthma sufferers in 

the United Kingdom, some studies suggests that the patients with severe asthma account 

for the majority of hospitalisations due to asthma (90). This group of severe asthma 
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sufferers consist of 2.6 million individuals  (i.e. 2.1 million adults and 500,000 children) 

in the United Kingdom (93).  

 

Medical Practitioners in the United Kingdom are seeing 20,000 new cases of asthma each 

week and about 30% of children aged 13-14 years are known to have asthma symptoms 

(64). In the United Kingdom in 2004, there were 75,000 emergency hospital admissions 

due to asthma and 1,500 fatalities (64). It was recently reported that about 5.4 million 

people in the United Kingdom are currently receiving treatment for asthma, 1.1 million of 

these are children (89). Despite treatment, a substantial portion of asthmatics are “not 

well-controlled” (94). 

 

The burden of Asthma, however, is not solely a health burden; there is also an associated 

economic burden.  In 2004, it was estimated that asthma cost the United Kingdom over 

£2.3 billion a year (66), including £1.2 billion in individual productivity losses (95).  The 

Office for Health Economics further estimated that the cost to the National Health 

Service (NHS) alone in 2001 totalled £889 million. Most of that was associated with 

dispensing and prescriptions (£659 million), but around 5.5% of the cost was associated 

with hospital admissions (96). Furthermore, poorly controlled asthma appears to have a 

considerable impact on health care costs (97).  

 

2.2.1  Asthma events and related spell durations 

Asthma spell duration or Length of stay (LOS) refers to the duration of a hospital 

admission (i.e. the difference in days between the date of admission and the date of 
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discharge). It is an important indicator of health care cost and management, particularly 

as it is associated with hospital bed occupancy and related services (98-103). Length of 

stay can be used as an indirect estimator of resource consumption and efficiency within 

the settings of a hospital, and has direct implications for overall healthcare planning and 

policy (98, 101, 104). It is therefore seen as one of the measures which can be used to 

estimate a part of the total disease burden of asthma in a population (33, 105). 

 

Analyses of length of stay associated with asthma, and its correlates with demographic, 

clinical and temporal factors are relatively unusual (106-108). The standard procedures 

for decision making in the case of asthma hospitalizations vary widely during its 

diagnosis; but this ultimately affects the variability associated with its management in 

relation to the Length of stay (109-111).  

 

The study proposed by Arnold and colleagues, which sought to identify the key clinical 

predictors for acute asthma exacerbations in paediatric patients (110), also touched on the 

clinical determinants of Length of stay. This study however had a sharp clinical focus. 

Meanwhile, investigations on the combined demographic, clinical and temporal 

determinants of asthma Length of stay in large populations are not common.  

 

Some other earlier studies on Length of stay for asthma hospitalisation in the United 

Kingdom (Scotland) focussed on the trends in asthma admissions and how changes in 

hospital bed occupancy could measure resource use (104). In this study, and others 

similar to it (112-114), they described the trends in the percentage change in asthma 
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admission rates with respect to temporal and demographic explanatory variables (e.g., 

year of admission, aggregate ages and gender). These studies have however not been able 

to predict or explain the Length of stay for asthma suffers, whilst accounting for 

variations in demographic, temporal and clinical factors. In more recent studies, Length 

of stay was better predicted by demographic, diagnostic and temporal characteristics 

using the multilevel effect of the individual asthma sufferers (33), compared to the same 

effect of their area of residence (105).  

 

2.2.2  Socio-demographic factors/economic 

Socio-demographic and economic factors have been shown collectively to play a role in 

asthma prevalence (115). Ethnicity/race, community vitality and social capital contribute 

significantly to asthma variation. Asthma UK reports of minority ethnic groups bearing 

the greater burden of the disease, though in terms of absolute numbers, the majority 

ethnic groups (i.e. white) are admitted to hospitals in the United Kingdom more than any 

other ethnic group. The situation is not different from reports of other countries including 

the United States, Australia and Italy (115-118). For instance the study conducted by 

Adams et al. in Australia on the factors associated with asthma hospital admissions in 

adult populations showed that higher income earners i.e. >A$50,000 per annum were less 

(8%)  compared to the lowest income group (<A$8,000 per annum) which was 32% of 

the individuals affected (115). Meanwhile gender and age are the most frequently 

identified factors in the literature in the socio-demographics of asthma s(108, 116, 119-

123). 
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2.3 The Biology of Asthma 

Asthma is a chronic respiratory condition typified by obstruction and continuously 

persistent inflammation of the airways (124). This obstruction to airflow, which is 

episodic within individuals with early or mild asthma, can cause symptoms of tightness 

and wheeziness in the chest (79). Recently British and American asthma education, 

prevention and management guidelines also include acute or sub-acute episodes of 

progressively worsening shortness of breath, cough, wheezing and chest tightness or 

some combination of these symptoms. The symptoms are accompanied by decreases in 

expiratory airflow shown by objective measures of lung functioning that employ 

spirometry and peak flow (84, 125, 126). 

 

The United Kingdom Committee on the Medical Effects of Air Pollutants (COMEAP)10 

in 1995, classified asthma as a disease of the lungs in which the airways are unusually 

sensitive to a wide range of stimuli, including inhaled irritants and allergens. They further 

elaborated on the role of environmental stimuli, particularly air pollutants in triggering or 

exacerbating the condition (79). The inherent interdependence or independent effects of 

known environmental determinants of ill health, particularly air pollutants and some 

weather factors have been reported by authors who have looked at the effect of the 

environment on asthma exacerbations (127-129).  

 

Other biological changes that result in increasing individual vulnerability to asthma 

exacerbation and are initiated by environmental changes may be an important note. A 

                                                 
10 The Department of Health (DH) asked Committee on the Medical Effects of Air Pollutants (COMEAP), 1995 to advise on the 
possible links between outdoor air pollution and asthma, excluding biological pollutants such as pollen. This constituted the report: 
“ASTHMA AND OUTDOOR AIR POLLUTION” published by the HSMO  
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common one relates to inflammatory and structural changes in the airways in the lung, 

which contribute to the full manifestation of the chronic form of asthma (130-134). This 

remodelling of the airways increases an individual’s predisposition to asthma (80, 130, 

132, 135), and thus supports the proposition that environmental factors play a critical role 

in the inception and progression of the disease in genetically susceptible individuals (82, 

85, 134).  

 

2.4 The Epidemiology of Asthma 

Asthma has already been highlighted as a substantial health problem among all 

demographic and population groups globally. Its prevalence rates in many countries are 

increasing - leading to higher hospital admission rates (136). In England and Wales, 

discussions on the epidemiology of asthma have focussed on trends over the past few 

decades and there are questions arising from these trends: Are increases or decreases in 

asthma prevalence due to changes in the environment, and if so what are those changes? 

Are they attributable to changes in the population; or is there another explanation 

entirely? It has, for instance, been suggested that when declines in the prevalence of 

asthma are observed they are entirely attributable to variations in diagnosis (137-139). 

Arguments have been put forward about changes in diagnostic categories or 

misdiagnoses that could explain, say, rises or falls in the rates of acute bronchitis 

compared with asthma. The evidence for this in the literature, however, does not 

adequately account for the changes in asthma prevalence over the past decades (66, 79, 

136, 140). 
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In recent years a number of studies published have identified environmental factors that 

appear to trigger asthma exacerbations or protect against the development of asthma. It is 

well noted that occupational exposures constitute a common risk factor for adult asthma 

(69). The “Genetic-Environment” interaction and resultant changes that affect asthma 

have equally been discussed by many authors. However the striking note highlighted in 

one of the debates is the fact that the expression of environmental and genetic 

determinants of a complex disease such as asthma, depends on the context in which this 

occurs (141). This argument is similar to the one by Subbarao and colleagues, which 

attributes the wide variation in the prevalence of asthma worldwide to the results of 

variations due to the gene-by-environment interactions (69). 

 

Local environmental conditions are thus likely to be important in determining the impact 

or manifestation of asthma where factors such as temperature, humidity, air pressure as 

well as air pollutants interact and do not have independent effects on asthma (128, 142-

148). 

 

2.5 Asthma events and environmental factors 

Environmental factors do have complex interrelationships, and their collective impact on 

health is not clearly understood (149-151). A review of the health effects of climate 

change published in 2008 (152) highlighted weather and air quality as the two component 

issues of interest to the environment. The constituent indicators of temperature, humidity, 

vapour/atmospheric pressure, wind, and atmospheric aerosols are known to produce 

polluted environments, i.e. mists, fogs or smog (151, 153). There are many pathways 
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through which these environmental pollution and dynamics can exacerbate asthma and 

lead to primary care provider visits (154, 155) and some of the mechanisms involved in 

this have been discussed in subsequent sections below (45).  

 

Health conditions triggered by local environmental changes, including indoor conditions, 

as well as occupational exposures vary considerably in their effects and symptoms and 

also across various spatial settings (45, 156). There is overwhelming evidence for the role 

of these environmental factors; which includes several classical experimental laboratory 

and field studies, interventions and health impact studies (142, 156-166). These 

environmental effects primarily depend on the individual’s susceptibility and level of 

epidemiological exposure (167-170). Vulnerable groups within given populations, 

particularly children (73, 171, 172) and the elderly tend to be the hardest hit with the 

former experiencing both the direct and indirect effects of these changes (169, 173). 

 

2.5.1 Asthma and Weather 

There is ample evidence on the effect of temperature changes, barometric pressure and 

relative humidity on the exacerbation of asthmatic symptoms (142, 151, 159-166). A 

number of studies have also used the association of weather and disease incidence, 

hospitalization or mortality to examine the nature of the relationships (45, 174, 175). 

 

It is well established that the relationship between asthma and environmental conditions 

is affected in complex ways by changes in weather and season (176-179). It is also worth 

noting that seasonal effects vary geographically. In Mexico, for instance, asthma is 
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associated with the rainy season, whereas in England and Wales asthma is more strongly 

associated with temperature change rather than rainfall (45, 163, 166). In the United 

Kingdom and Taiwan, peaks in asthma events occur in the winter /autumn seasons but 

not in summer (174, 180, 181). These underlying circumstances makes it imperative to 

understand the local relationships between asthma and the weather /air quality and season 

(45). In the light of the geographical variation, forecasting will need to take account of 

local conventional effects. 

 

2.5.1.1  Thunderstorms, allergens and asthma 

Thunderstorms are known to cause rapid environmental changes leading to the release of 

high levels of asthma allergens such as moulds and plant pollen, which can exacerbate 

asthma. Short-term increases in the concentrations of grass pollen and spores were found 

to be associated with emergency department visits from asthma among children in 

Montreal, Canada (171, 172). Other related exposure effects like dust material from 

various emission sources are also released into the atmosphere, and these could all 

increase the susceptibility of individual asthma sufferers (182-184). In the United 

Kingdom, peaked asthma events have often been preceded by heavy thunderstorms and 

thunder activities, and these have been discussed along with other exposures (allergens) 

and environmental mediating factors (183, 185-188). Higham, Venables, et al. for 

instance reported on the association between thunderstorms and asthma events leading to 

hospitalizations in Britain (188). The effect of thunderstorm on grass pollen counts and 

their role on asthma events/hospital admissions in England was also reported by Newson 
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et al (183). However, consistent and reliable data on thunderstorms is limited, and has not 

been used effectively in forecasting respiratory events.  

 

2.5.2 Asthma and Air Quality (Pollution) 

The evidence in literature for pollution-related health events, particularly for respiratory 

conditions like asthma is substantial (189). The association between asthma events and 

air pollutants like nitrogen (IV) oxide, particulate matter, ozone, sulphur dioxide, smoke, 

as well as household or natural environmental allergens is well known (128, 129, 143, 

145, 190-192). It has been observed that susceptible individuals in particular respond 

more frequently when exposed to pollutants than, would happen in initiating allergies 

among non-susceptible individuals (193-195). The known relationships between asthma 

and air quality, however, have not been successfully used to forecast asthma events (196, 

197).  

 

The effect of individual air pollutants on asthma is better understood than the collective 

effect of multiple simultaneous, pollutants. The interaction between air pollutants and 

other environmental factors further complicates their likely effect on asthma, and are 

hence less understood. This complex situation makes the prediction and forecasting of 

asthma using air pollution information even more difficult. As a result of the shortfall in 

understanding the complexity of pollutants, the idea of associating “increased air 

pollution” to asthma /allergic symptoms of asthma has been criticized by few studies 

(198-200), even though others support the idea (201-210). 
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2.6 Summary 

This chapter provided an overview of asthma, its biology, disease burden and 

epidemiology. The complex role of environmental conditions as triggers for asthma was 

also discussed, particularly along the areas of weather and air quality. 

 

One issue that comes out strongly in the literature is the contextual variation in the 

disease burden. Most of the forecasting work that is developed in this thesis relies on a 

set of hospital admissions data from London, England. Before developing the forecasting, 

however, it seemed important to establish the actual burden of asthma within the 

population and the period we were working. Because the forecasting work related to 

hospital admissions, it seemed natural to establish the burden of disease within the 

context of hospital admissions – Length of stay was a suitable proxy. 
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Chapter 3 

 

3.0 Introduction 

This chapter reposts a study published in PLoS One journal on the length of stay of 

asthma patients in hospitals within London. 

 

Given the constraints of space, and the focussed nature of papers published in health 

journals, the paper does not account for other approaches and techniques that were 

explored in the preliminary analysis leading to the development of the paper. These 

additional approaches provide important backgrounds which are discussed briefly here. 

 

Asthma LOS can be modelled with geographical, socio-demographic, temporal and 

clinical factors using count models on hospital admission data. This study showed that 

age, gender, and co-morbidity were important predictors of LOS, and the procedure may 

be a useful tool for planning and resource allocation in health service provision. It is also 

worth noting that in using asthma admissions to estimate and analyse LOS, the nature of 

the distribution of LOS data was considered in determining the choice of statistical 

technique (which was in this case negative binomial model). 

 

3.1 Establishing the burden of asthma in relation to LOS  

In a preliminary statistical model we assumed that there could be a patient area effect. 

That is some geographical areas might have longer LOS than others. Specifically, this 

could arise if hospital admission policies in some areas were different from those in other 



53 
 

areas, or if the populations in some areas were more prone to severe asthma events 

requiring longer LOS. To account for this possibility a random effects model of the 

patients’ residential postcode was fitted. This allowed us to account for the lack of 

independence between admissions associated with similar patient residential areas in 

London. 

 

In the literature on asthma admissions in general, there is evidence to suggest that 

repeated hospital visits is a significant predictor of total admissions (115, 211), and by 

extension could also apply to LOS. Therefore a multilevel (3 level) effects model 

accounting for area, individual and visit effects would be an ideal way of modelling LOS. 

But at the time of conducting this analysis, there was no generally available statistical 

software to support this analysis. Most packages (e.g. Stata, R, SPSS) could 

accommodate a two-level, but not a three-level model (212, 213). One option in this 

situation was to separately model the area and patient effects and then select the more 

robust model based on a common model diagnostic tool (AIC). The result of this 

comparative study was presented at an international conference (105). There were 

marginal differences between the two models in terms of the individual variable 

parameters, but on the whole the individual random effect model (accounts for repeat 

visits) was a better fit than the area effect model. This was reproduced in PLoS One 

article. 
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3.1.1 Summary discussion on LOS  

The research report show an aspect of the burden of asthma from a health services 

perspective. 

 

Methodologically, the use of a negative binomial model and a random effect multilevel 

model presented a more robust approach to model LOS compared to traditional GLM 

approaches. AIC, was an ideal model for comparing different predictive models and 

selecting the most suitable one. 

 

One weakness in this research was that it only observed the associations between the 

factors and the length of stay, and we cannot attribute any causal links. The paper also 

points out limitations associated with the lack of data on J46 Status asthmaticus and of 

Length of Stay (which underestimates those admitted for less than 24hrs). 

 

3.2 Asthma Length of Stay in Hospitals in London 2001–2006 

3.2.1 Declarations for Thesis Chapter 3 
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Having established the burden of asthma within the principal population within which we 

hoped to develop the forecasting models, it is now appropriate to turn the focus towards 

those models.  

 

The following section (Chapters 4-6) introduces the forecasting models and the 

application to health forecasting. 
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SECTION III 

III Reviews on health forecasting and potential approaches 

Individuals and institutions often desire to know the future, so that informed choices can 

be made. These choices may involve making alternative plans, reallocating resources to 

meet unexpected demand, or continue on an already chosen path. A reliable health 

forecast is thus important for health service delivery because it can: (1) enhance 

preventive health care/services; (2) create alerts for the management of patient overflows 

(in situations of peak or reduced demand for health care services); and (3) reduces costs 

associated with supplies and staff redundancy (54). There are various approaches to 

predicting the future, including the use of anecdotal evidence, previous experiences, 

expert intuition, or through formal analytical procedures (214). However, there are hardly 

any reviews on health forecasting, and practically none focused on the methodological 

aspects. 

 

Section III presents reviews of the forecasting and health forecasting literature with three 

published papers (chapters 4, 5 & 6). The chapters provide both broad overviews and 

specific methodological aspects of adaptable forecasting techniques. Chapter 4 serves as 

a bridge between sections II and III. Within the context of a published review paper it 

presents the background information on asthma and also proposes two methodological 

approaches for forecasting the condition. The reviews (Chapters 5 & 6) discuss the types 

of forecasting & types of health data, principles of health forecasting, as well as the 

methods (of evaluating error and comparing forecasts) and models/techniques in 
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forecasting. There is necessarily some repletion in the presentation of the ideas, because 

each of these papers did need to stand alone in their original published form.  



69 
 

Chapter 4 

4.0 Non-causal modelling and prediction of asthma admissions  

This chapter presents a synopsis of asthma and its global burden, and then discusses two 

statistical approaches for forecasting the condition. The ideas discussed herein, will 

support the development of the approaches used in the empirical works reported in 

section IV. 

 

4.1 Semi-structured black-box prediction: proposed approach for 

asthma admissions in London  

4.1.1 Declarations for Thesis Chapter 4 
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Chapter 5 

5.0 Health forecasting  

In addition to providing general background information on health forecasting and a 

discussion of the key issues, the overview of health forecasting (chapter 5), also presents 

a schematic approach to health forecasting (54). The importance of including the 

schematic approach was in part to address the basic potential needs of public health 

practitioners who may be interested in developing, testing and maintaining a simple but 

pragmatic health forecasting plan, which has been discussed (215, 216), but implemented 

less successfully. Chapter 5 further highlights the successes and challenges associated 

with the practical implementation of health forecasting using programmes in the UK as 

case examples. 

 

5.1 An overview of health forecasting  

5.1.1 Declarations for Thesis Chapter 5 
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Chapter 6 

6.0 Forecasting classifications and health forecasting 

In the previous chapter we presented an overview of health forecasting, focussing on 

issues around definitions, principles of health forecasting and some of the factors that 

influence the choices of health forecasting methods. In this chapter, particular attention is 

paid to the evolution of forecasting approaches (typologies), and the forecasting methods 

which mark developments of these approaches. The chapter also includes a brief review 

of the methods and techniques used in measuring the accuracy and validation of 

forecasting models. Earlier classification typologies could afford to be concise, exclusive 

and exhaustive. However, as a result of innovations and the development there are 

overlaps and nuanced differences that no longer make such typologies possible or 

practicable. On the flipside, there is a greater flexibility in selecting/choosing forecasting 

methods, particularly when dealing with non-causal approaches. They are focussed on 

prediction. 

 

The review also discusses the challenges associated with developing and using a health 

forecasting. 

 

6.1 Evolving forecasting classifications and applications in health 

forecasting 

6.1.1 Declarations for Thesis Chapter 6 
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6.1.2 Further comments on the classification and applications in health forecasting  

 

The idea behind this chapter is to present the literature around forecasting methods, 

highlight the techniques applicable to health forecasting and illustrate some of the 

methods and approaches commonly used in evaluating forecasts. It was noted that there 

are a wide range of statistical techniques that could be adapted to suit the purpose of a 

health forecast, following either a causal or a non-causal (black box) approach in 

predictions. The forecasting classification /typology proposed by Gentry and colleagues 

for instance stand out from others, but also appears to be one of the most comprehensive. 

This is because it can accommodate all types of forecasting methods. For the lack of 

space/journal paper restrictions our enumeration of forecasting typologies did not include 

the forecasting grid by Gentry et al. (Fig. 6) or other typologies. However, the importance 

of this classification grid is because of its pragmatic description of forecasting methods 

which fits between the continuum of naïve (non-causal) and causal models. The authors 

describe “Naïve” (non-causal) methods as those which only use data on the variable of 

interest for predictions. Non-causal forecasting models have sparingly been applied in 

health forecasting. The thrust of such approaches form the basis of the health forecasting 

models described in subsequent sections, using asthma daily admissions in London.  

 

In the following section, we begin to apply forecasting techniques to actual data. 
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Figure 6 Existing forecasting techniques and the Grid 

 

 

Source: Gentry et al., 2006 [The Forecasting Classification Grid: A Typology for Method Selection] 
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SECTION IV 

IV Developing health forecasting methods 

In previous sections, we described the literature and some empirical analysis to highlight 

the importance of health forecasting to health services. We also exemplified approaches 

for establishing the disease burden and statistical methods which could be used in further 

empirical analyses. This section (IV) presents four empirical studies, which successively 

contribute to advancing the science in health forecasting methods. The studies include: 

Forecasting asthma related hospital admissions with negative binomial models; 

Predicting asthma daily admissions with lag models; and Forecasting peak asthma 

admissions in London, or peak respiratory related deaths in New York City using quantile 

regressions. 

 

The first study was focused on testing the idea that asthma events could be better 

predicted using temporal, weather, and air quality factors. This study confirmed that 

selected lags of weather and air quality indicators can predict asthma daily admissions; 

however their combined effect was not better than predictive models which used 

temporal factors such as season alone. 

 

To investigate the question about suitable indicators for forecasting asthma admissions 

besides the environmental predictors, a number of potential approaches exist. Among 

these possible approaches, we chose to investigate whether previous days’ admissions 

could predict future admissions, using autoregressive analysis of daily asthma 

admissions. The idea behind this was that in a population, sensitive lungs act as sentinels 
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for less sensitive lungs, so as environmental triggers build within a population, some one 

should be able to observe the effects. The variables for modelling included selected lags 

of up to 7-days with specific lag selected with reference to their partial autocorrelation 

function (PACF) plots. The results from this study showed among other things that the 

lag model prediction of peak admissions were often slightly out of synchronization with 

the actual data, but the days of greater admissions were better matched than the days of 

lower admissions.  

 

Both the negative binomial and autoregressive techniques model the expected value of 

the daily admissions – i.e. the distributional mean. In many cases, particularly in an area 

such as health services planning, the mean value while useful, may not be as useful as 

expected peak in demand. 

 

We developed multivariable QRMs to predict peak daily asthma admissions in London 

using selected weather and air quality factors. This study established that the associations 

between asthma and environmental factors including temperature, ozone & carbon 

monoxide can be exploited in predicting peak asthma admissions using a multistage 

variable selection criteria and QRMs. However, a major weakness in this study was 

paucity in data; considering the approach which limits prediction only to a specific 

percentile (90th percentile).  

 

Reviewers of the paper in chapter 9 in which we model the peaks in asthma admissions 

using the London data 2005-2006 expressed concern about the small size of the dataset. 
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In the absence of a larger admissions dataset we were compelled to cast our net more 

widely. There arose suitable dataset, which contained 70,830 respiratory related deaths in 

NYC, we investigated how to predict higher than expected respiratory deaths. This final 

study provided a further backing to the approach of predicting extreme/peak health events 

for alerting health services using QRMs.  

 

Being an important decision making tool for health services delivery, the nature of 

demand for health forecast determines the approaches needed to forecast. In the case of 

asthma, forecasting immediate future events is important for service providers, but even 

more important is the forecasting of peak events, where extra resource mobilization is 

pertinent. Both approaches have been investigated in this section, and these analytical 

studies may have implications for health policy and programs. 
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Chapter 7 

7.0 Introduction 

In the research paper presented in this chapter, which is on forecasting asthma related 

hospital admissions with negative binomial models, a two pronged strategy was adopted 

in the selection of variables. When lags of data are available, and there are numerous 

measurements from which one has to choose, there is no single strategy that is endorsed. 

It is particularly uncertain when the goal is forecasting and not causal modelling. These 

approaches were designed to be exhaustive and sensitive enough to pick up the right 

combination of predictors. The first approach involved modelling with a 7-day average of 

each exposure variables, in order to account for the cumulative effect of various 

exposures. This followed a search of suitable predictor variables. The second approach to 

variable selection was a thorough and exhaustive search for the combinations of lagged 

variables that could best predict asthma daily admissions. This followed a non-explicit 

data mining approach (30). The NBMs obtained from these two approaches to variable 

selection were then contrasted with a base model (i.e. seasonal effects only). Issues of 

over-fitting are discussed and managed in the paper. 

 

7.1 Forecasting asthma related hospital admissions with negative 

binomial models 

7.1.1 Declarations for Thesis Chapter 7 
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Chapter 8 

8.0 Introduction 

In the previous chapter the seasonal model appears to be the strongest model. The paper 

(chapter 8) on using humans as animal sentinels for forecasting asthma events follows a 

similar approach in variable selection as the previous paper, but in this case uses only 

reported asthma daily admissions. Against one measure of error (MAPE) to model that 

included 7-day averages was slightly stronger. However it was not unusually stronger and 

it is more – although not much more - complex to implement. 

 

The results are, however, somewhat surprising. We know that daily variations in weather 

and air quality are causally related to asthma events (151, 152). We are not however 

seeing the value of this information in the forecasting. Nonetheless, the paper examines 

the underlying idea that asthma sufferers with more sensitive lungs respond more quickly 

to changes in environmental exposure than those with less sensitive lungs, and hence 

serve as early warning signal for the latter group. This is tested using the lag models. The 

approach could have potential applications in other chronic disease conditions that are 

largely dependent on common environmental exposures. 

 

8.1 Humans as animal sentinels for forecasting asthma events  

8.1.1 Declarations for Thesis Chapter 8 
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Chapter 9 

9.0 Introduction 

This chapter (chapter 9) focuses on forecasting peak asthma admissions in London using 

quantile regression models. Though background literature and information on potential 

predictors of asthma events were used, the modelling approach was entirely predictive 

(involving a criterion for the selection of variables), which does not necessarily rely on 

their biological plausibility. Hence the paper is fundamentally about forecasting, and 

specifically forecasting the conditional 90th percentile of asthma admissions using 

quantile regression.  We argue in this paper that, forecasting need not rely on good 

‘causal’ models, because good correlation models may do just as well or indeed better. 

The proof of the forecasting model is its predictive capacity, not its conformance to a 

particular theory. This then means that, it is not strictly necessary to include any causal 

factors, as this approach (in this specific case) is data driven.  We further acknowledge, 

with regards to this paper that, data driven approaches have sometimes created 

disagreements between ‘causal modellers’ and ‘forecast modellers’, but both approaches 

have their roles. And in the empirical forecasting and data mining areas, data driven 

approaches are generally regarded as superior for the purposes of forecasting and out-of-

sample prediction. 

 

Our choice of lags for modelling was therefore data driven, as we explain in the Methods 

section of the paper. Given this backdrop, emphasis was slightly more placed on the 

forecasting aspect of the paper, and the use of quantile regression. Even though for 

integer-valued data, it has been suggested that the data be transitioned from discrete to 
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smoothed densities by “jittering” (52), we found insignificant differences without the 

jittering procedure. 

 

9.1 Forecasting peak asthma admissions in London: an application of 

quantile regression models 

9.1.1 Declarations for Thesis Chapter 9 
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Chapter 10 

10.0  Introduction  

The study on NYC respiratory related deaths extends the application of QRMs, which we 

described in the previous chapter (Chapter 10). Both chapters bear similarity in analysis. 

Therefore the additional motivation for conducting this study for the NYC dataset was to 

further test the hypothesis of forecasting peak health events using QRMs. It also afforded 

us the opportunity of using a much larger dataset to replicate the analytical technique we 

proposed earlier.  

 

This paper presents a relatively novel statistical application of quantile regression to 

respiratory deaths in New York City observed over a thirteen-year period. We used a 

hold-in sample (i.e. during the first half of the period) for model development and then 

applied to the hold-out sample (constituting the second half of the period). The 90th 

percentile was used in estimating the distribution of deaths instead of estimating the 

mean.  The final model identifies seasonal variables, temperature, CO, and NO2, but 

excluded O3 and SO2.  Data for particulate matter was spotty and hence excluded from 

modelling. This study is unique for respiratory related deaths and the results suggest there 

is a potential value of this approach, even when the model is no more sophisticated than a 

seasonal/temporal model. Health policy and programs may benefit from this study. 
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10.1  The use of quantile regression to forecast higher than 

expected respiratory deaths in a daily time series: a study of New 

York City data 1987-2000  

10.1.1 Declarations for Thesis Chapter 10 
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SECTION V 

Chapter 11 

 

11.0  General Discussion 

Health forecasting predicts health situations or disease episodes and forewarns about 

future events (39). It also forms part of the activities of preventive medicine or preventive 

care engaged in public health planning, and it is aimed at facilitating health care service 

provision in populations (39, 54, 215, 217-219). Health forecasting is an age-old concept, 

practiced in various forms of health delivery over the years (220-222); but is also a 

relatively new and re-emerging terminology that is finding extended modern applications 

in the field of health. It has recently been championed by a number of organizations 

including the United Kingdom Meteorological Office (217) in collaboration with 

Medixine (COPD Health Forecasting) (223) and the Health Forecasting Project of UCLA 

School of Public Health (224) for the purposes of providing health forecasting services to 

health service providers like the NHS as well as to subscribed individuals. Health 

forecasting derives most of its current analytic approaches and techniques from other 

areas including econometrics, marketing, and meteorology. In this research we reviewed 

the literature on health forecasting and chronic respiratory illness (asthma), and identified 

statistical methods /techniques used in predictions. We also explored weather, air quality 

and hospital administrative datasets with the goal of understanding the data and its 

distributions, trends and nature of the relationships between the variables reported 
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therein. It was hoped that this exercise would facilitate the design and development of 

methods for health forecasting.  

 

Mainly structural (causal) models have been used to model and predict various health 

situations /conditions, but rather only few reports on the unstructured models. We also 

noted that the complexity of reported health forecasting models vary from individual 

/aggregated health situations or disease type being forecast, to the strategies involved in 

selection of variables/predictors, and through to the nature of the model diagnostic tools. 

 

There are many reports on asthma and its impacts on various population demographics 

worldwide, and the disease burden has been described in many ways, as we reported in 

some of our reviews (Chapters 2, 3 & 4). In Chapter 3, we specifically investigated an 

aspect of the disease burden (LOS) in order to justify the importance of forecasting 

asthma, but also to show a unique statistical approach to investigating LOS. The 

relationships between asthma admissions and factors which partly define the burden of 

disease related to LOS (i.e. demographic, diagnostic and temporal factors (105)) were 

examined. Our approach, which used a fixed effect model (comparing individual versus 

area effects) was useful in categorizing the determinants and burden of LOS. Previous 

studies on LOS and even more recent ones, which reported on the factors associated with 

LOS, have failed to account for the fixed effects such as individual, area of residence or 

other constant factors that may influence the LOS in a unique manner (225, 226). This 

pragmatic approach to investigating LOS may therefore be of importance to health 

services provision.  
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Having tested a tool for estimating the disease burden, we focused our attention on the 

health forecasting literature in order to examine the key information that could support 

the development of health forecasting models. Reports on health forecasting often used 

forecasting terminologies and principles, which have been created for forecasting in other 

areas (227). These terms and principles have however not been well described in 

perspective of health forecasting. Since the interpretation of health data and information 

may vary extensively compared to say econometric or marketing data, streamlining 

health forecasting terminologies and principles is important. Even though we made 

attempts to define /describe some of the terms in this thesis (Chapters 4, 5 & 6), it is not 

sufficient and further research may need to focus on defining the ‘fine boundaries’ of 

terms and principles mainly applicable to health forecasting. Related paper in Chapters 5 

& 6 for instance may stimulate further discourse and research on health forecasting issues 

which relate to how we define and handle uncertainty/risks, error, accuracy, the focus of 

a health forecast, data aggregation and how to define horizons for health forecasting. It 

would be interesting to see how future research on health forecasting address and discuss 

some of these issues identified. 

 

Another important contribution of Chapter 5 is the proposed schematic approach to health 

forecasting. The scheme/outline also lists potential hurdles to overcome in health 

forecasting. Even though the proposed approach may not be entirely flawless, it was 

designed to capture the knowledge and information that is plausible and potentially 

relevant in health forecasting. We have not yet noted any similar proposed scheme in the 
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health forecasting literature, and so it may be early to want to make comparisons. 

Nonetheless, it is intended to draw the appeal of public health practitioners who may be 

interested in developing a pragmatic tool for health forecasting. 

 

A major component of our study was investigating the potential utility of a number of 

forecasting models and techniques on asthma daily admissions in London, and also 

respiratory related deaths in NYC. As a result, we developed statistical models (negative 

binomial regressions or quantile regression models), which were best suited for the 

datasets accessible to us. In the analyses, we examined the extent to which temporal, 

weather and air quality factors could help predict anticipated asthma daily admissions in 

London (chapters 6, 7 & 8), as well as extreme/peak health events in general (chapters 9 

&10). The health forecasting methods and techniques discussed in this thesis gave 

reasonably good predictions based on the relative measures of model diagnostic 

parameters (measure of degree of error). The systematic approaches we described (in 

chapters 6 - 10) may be useful for standardizing model parameters in further research on 

health forecasting. They may also be useful in prioritizing indicators for future health and 

non-health data collection.  

 

Generally, we observed a consistency between the original distribution of the dependant 

variable (asthma daily admissions) and that of its predicted form over time. However, as 

one would expect, there were significant differences between the hold-in and hold-out 

data sets, which was primarily attributable to the differences in their original distribution 

and characteristics. As we pointed out in Chapter 6, there is not as yet any clear criteria 
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for deciding on exactly what proportion of data, in relation to the hold-in sample should 

be used as hold-out for model validation (39). The substantial variations of approaches 

used in validating various health forecasting models calls for further investigation to help 

define appropriate approaches for validating health forecasts 

 

Earlier health forecasting models of asthma focused on the premise that increased 

exposure to the vagaries of the weather and to the toxicity effects of other environmental 

factors would cause exacerbations. Hence models were based on the well known causal 

factors like ozone, atmospheric temperature, just to mention a few, which are consistent 

with the literature (228, 229). Even though this is a reasonable assumption to base the 

development of a forecasting model on, there could be some problems with the exact 

representation of individual’s exposure parameters, which may then subsequently affect 

the forecast model’s reliability. However, as we argued in our analytical papers (Chapters 

6 - 10), in the area of forecasting unlike causal modelling, data-driven approaches have 

proven to be better  and more reliable in predicting future events (230). 

 

Our analyses focused on how to best develop a reliable and parsimonious predictive 

model using the needed predictors – a data-driven approach. It is important to 

reemphasize that not all the plausible predictors were necessary for inclusion in the best 

predictive model. An air pollutant such as carbon monoxide may be well known for its 

role in exacerbating asthma, however, in some context of population health analyses 

involving a wide area; this indicator may be redundant in a multivariable predictive 

model. This is not unexpected, since population level exposures for wide areas like 
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London is difficult to generalize for individual exposures, and more particularly for 

asthma sufferers whose outdoor activities are largely unrecorded. 

 

Since individuals would usually spend some time indoors and unspecified periods 

outdoors, where there is a wide variation in weather elements and air quality factors, it 

becomes imperative that potential health forecasting models for chronic respiratory 

related diseases such as asthma to consider other forms of data and novel forecasting 

approaches which will provide a better forecast. Hence our preference for non-causal or 

semi-structured forecasting models as discussed in chapters 4 & 6. 

 

We were able to show how temporal and environmental factors could be used to develop 

models for forecasting both routine/anticipated health events and also extreme/peak 

events. Our inquiry into health forecasting also shed light on the extent to which 

predictions could vary based on differences in underlying models and their component 

predictors. Overall, the investigations suggest that a range of environmental factors and 

statistical tools can be used to develop health forecast for chronic respiratory conditions 

like asthma. But, there is no clear evidence that data on environmental factors can yield 

more effective predictions than ordinary temporal factors or univariate lagged models, 

particularly in targeting vulnerable individuals in large heterogeneous urban dwellings 

such as the city of London. Nonetheless the epidemiological evidence base for health 

conditions that are forecast needs to be regularly updated to supplement the strategies 

used by data-driven approaches to health forecasting. On the basis of our series of 
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investigations, there may be relevant implications for further research on health 

forecasting, health care services and for policy. A few are mentioned here for reemphasis. 

 

Clinical implications of health forecasting 

Identifying the number of individuals who fall sick of asthma within a defined area or 

jurisdiction over a time period could help predict future events and hence help clinicians 

to make better decisions. It could also help health managers to make better decisions and 

resource allocations. Our study identified that, temporal factors such as day of the week 

and seasons as well as the lag asthma admissions such as the previous day(s) events, were 

strong predictors of future events. This therefore implies that information on the accurate 

diagnosis of a case, as at, and when it happens is useful for forecasting future events. 

 

Though asthma is a well known chronic respiratory condition which is largely affected by 

the vagaries of environment (i.e. extreme weather conditions and poor air quality), 

obtaining representative human exposure records or estimates is hard to come by (231). 

This is because environmental conditions vary very widely across large populations and 

also between indoors and outdoors. Hence clinical records of reported individuals, over a 

period of time may be the most useful in forecasting. 

 

Related to data /sustainable data management and public health surveillance 

Lessons have been learnt in trying to use surveillance health records and other data to 

guide health care services delivery. The value of health forecasting in facilitating health 

care delivery and reducing overall health care expenditure, is however not well argued 
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out in a compelling manner to ensure that it is widely adopted /used. Further research on 

the cost-saving benefits of health forecasting with examples on its return on investment 

may be a useful point to draw the attention and support of policy makers in health 

forecasting research 

 

Health forecasting depends on the availability and access to reliable longitudinal data, 

which can be easily provided if national health systems set up and maintain sustainable 

public health surveillance systems 

 

Related to methods and techniques 

In the analytic sections of our research, we have used a number of statistical methods and 

techniques to develop health forecasting models, which can be validated with other 

population data and adapted to specific cases of interest.  

 

Related work force development 

Health forecasting can be realized with an investment in additional workforce 

development or outsourcing to specialized organizations that are professionally engaged 

in the activity. The UK Met Office Health Forecasting team is one of the examples which 

have been mentioned already in the thesis. 
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Chapter 12 

12.0  Conclusions, Recommendations and Advances 

12.1  Conclusions 

Asthma poses a significant burden to populations, and health forecasting may provide an 

alternative solution to help in managing the condition at various levels (individual, care 

providers, service providers, and policy). In defining and establishing the disease burden 

of asthma, we found that the individuals’ fixed effect negative binomial model was more 

robust in explaining the determinants of LOS, compared to the area effects model. We 

leave open the question; however whether the combination would be even more 

successful. 

 

In our reviews we established that environmental factors have causal links to chronic 

respiratory diseases like asthma, and these effects often vary by location. However, our 

empirical studies showed that weather and air quality factors were not very useful in 

predicting asthma daily admissions. Nonetheless, we establish approaches that these 

environmental factors could be used in future health forecasting involving different 

datasets. Environmental factors may still be useful predictors for developing pragmatic 

forecasting tools for chronic respiratory illness.  

 

Lagged predictors were also more relevant in model development compared to real 

measures, because of the potential delayed effects of exposures. Human sentinels are also 
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useful in predicting future events, possibly because they succinctly capture the weather 

and air quality exposure effects. 

 

Excess demand for health care services is a great challenge to any health care service 

provider but the ability to forecast peak events is a promising resource. Quantile 

regressions can be used in modelling peak daily asthma admissions. 

 

12.2  Recommendations 

Health forecasting should be viewed as a dynamic activity with an equally continuous 

update of whatever framework that is being employed. This is because of the changing 

circumstances of individuals /populations, and their local environments, which mostly 

determine the prognosis of diseases. Increasing health forecasting activity will also help 

perfect or sharpen its approaches. 

 

Further research on health forecasting needs to focus on defining or classifying the tools 

per perspective. This includes the terms, principles and methodological typologies that 

are mainly applicable to health forecasting; so as to help guide the process of forecasting 

health events. There is a need to further examine the approaches for validating health 

forecasts and to propose suitable ones, which could then be adopted in health forecasting. 

 

In predicting specific chronic respiratory diseases such as asthma, it is recommended that 

future work incorporate historical events in model development process and also provide 

notes for the interpretation of models based on peculiar antecedents. 
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Finally, further research on the cost-saving benefits of health forecasting with examples 

on its return on investment may be a useful point to draw the attention and support of 

policy makers in health forecasting research 

 

12.3  Advances 

The thesis makes a number of contributions to knowledge in health forecasting. First, it 

identifies the theoretical environmental and social settings (framework) which explains 

some of the peculiar aspects of the disease burden of asthma in the UK. The pragmatic 

approaches to modelling LOS with random effects models of negative binomial 

regressions was a modest but novel contribution to the area. 

 

Secondly, the thesis advances the discourse of health forecasting literature by providing 

additional descriptions to key principles of health forecasting, which have not been 

explained elsewhere. Some of these include Uncertainty and error, Focus of health 

forecasting, data aggregation and accuracy, and horizons of health forecasting.  

 

The third significant contribution of the thesis to the literature on health forecasting is 

encompassed in Chapter 6, which was focused on “classifications”. A unique output of 

this paper is that it identifies and presents the choices available for measuring the 

accuracy of health forecasting models, and also unearths the lack of a common approach 

to /discrepancies in the modes of validation of a health forecast.  
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Another contribution of this work is its demonstration of forecasting asthma related 

hospital admissions in London using negative binomial models. This process reveals the 

importance of complementing variable selection approaches, particularly for the 

specification of environmental (weather and air quality) and temporal factors.  

 

A further contribution which forms the thrust of Chapter 8, is the development of 

statistical models to forecast asthma related admissions in London using the concept of 

human sentinels. This technique theorizes that individual asthma sufferers who have a 

more sensitive lungs and more prone to exacerbations could be used as indicators to 

forewarn others. Hence the paper develops univariate lagged models which predicts 

future events. 

 

Also, the thesis makes another significant contribution to health forecasting by 

developing approaches for forecasting extreme events using Quantile regression models 

(QRM). These models were developed and tested with asthma admissions data in London 

(Chapter 9) and also for respiratory related deaths in New York City (Chapter 10). Both 

papers provide compelling evidence that there are robust approaches for predicting 

situations of excess demand for health care services or resources.   

 

The analysis in the contributions, which have been described above show that temporal 

and environmental factors (including weather and air quality measures) can be useful 

predictors of asthma daily admissions, but are mediated by lags.  
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The policy implications of this thesis are narrow in respect of the immediate beneficiary 

of the ideas it presents, but again could have a very wide population health impact 

depending on how the application is cascaded through health delivery systems. It is for 

instance anticipated that the results of this thesis will draw the interest and attention of 

strategic stakeholders involved in health forecasting such as the UK Met Office, who 

have a mandate to reach out to health services providers with health forecasting services 

– health alerts, inter alia.  
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Appendices 

Appendix A 

A1.0 Related peer reviewed conference papers 

Environmental Health Conference 2011 

International Society for Disease Surveillance 10th Annual Conference 2011 

International Society for Disease Surveillance 9th Annual Conference 2010 
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A1.1 Environmental Health Conference 2011 

 
 
Soyiri, I.N. and D.D. Reidpath, The role of weather and air quality factors in forecasting 
asthma admissions in London, in Environmental Health 2011: Resetting our Priorities 
2011, Elsevier: Salvador, Brazil. (Available: http://elsevier.conference-
services.net/programme.asp?conferenceID=2205&action=prog_categories) 
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A1.2 International Society for Disease Surveillance 10th Annual Conference 2011 

 

Soyiri, I., D. Reidpath, and C. Sarran, Determinants of asthma length of stay in London 

hospitals: individual versus area effects (Published: Emerg Health Threats J., 2011. 4(0): 

p. 143-143). 
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A1.3 International Society for Disease Surveillance 9th Annual Conference 2010 

 
Soyiri, I.N. and D.D. Reidpath, Predicting extreme asthma events in London using 

quantile regression models. (Published: Emerg Health Threats J., 2011. 4:s162: p. 39-

40). 
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Appendix B 

B1.1 Synoptic and Climate Stations in London Area 

1. Heathrow  

2. Northolt  

3. Kew Gardens  

4. London Weather Centre  

5. St. James’s Park 

 

B1.2 Met Office pollution model: NAME dispersion model 

Reference /Source: http://www.metoffice.gov.uk/environment/name.html  

This world-renowned atmospheric pollution dispersion model is an invaluable and 

versatile tool for accident and episode analysis, and for pollution forecasting.  

NAME can:  

 Forecast air quality  

 Assess the cause of pollution incidents  

 Produce long-term impact assessments  

 Understand and predict long-standing air pollution problems, like acid rain  

 Forecast the international movement of volcanic ash 

NAME lies at the heart of the Met Office's air quality forecasting system, and is widely 

used by industry and government to help solve pollution problems.  
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 Making unique use of 3D global weather data, NAME is the result of many years 

of development and includes enhancements in response to the Chernobyl disaster 

 Applications covered include: plume rise, realistic boundary layer simulation and 

upper level transport 

 All spatial scales are catered for, and it includes a powerful suite of diagnostic 

tools 

 3D trajectories of air parcels are used to compute air concentrations and ground 

deposits  
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Appendix C  

C1.0 Data visualisation and summary of preliminary analysis 

C1.1 Daily Asthma Hospital Admissions in London (2005-2006) 

The total daily asthma admission in London is illustrated in the time series plot in Figure 

1 and 2. Two major extreme events were observed; around the end of spring 2005 and 

same period in 2006. Generally the summer periods appear to have the lowest admission 

rates whilst the highest were reported in the autumn months. Both the winter and spring 

periods had moderate rates of admissions. Even though these observations do not clearly 

show any peaks and troughs as may be suggested by the illustration, they do attempt to 

present the distribution of asthma daily admissions seasonally. There are very wide 

variations in the autumn, compared to the winter and spring periods. 

 

C1.2 Asthma Admissions and Weather factors (London, 2005-2006) 

The mean air temperature distribution is presented alongside the asthma daily hospital 

admissions for London in Figure 9. The higher temperatures were obviously recorded in 

summer whilst the lower temperatures were recorded in the winter months. The other 

specific temperature readings like the daily maximum/minimum temperature, dew point 

or wet bulb temperatures followed the same patterns (see Figures 10-13). 

 

The other indicators whose distribution patterns have been plotted with that of the 

Asthma daily admissions are presented in Figures 14 to Figure 16. These include 
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Humidity, Barometric vapour pressure and Wind speed. Both Humidity and Pressure 

show some seasonal patterns whilst Wind speed does not. 

 

C1.3 Asthma Admissions and Air Quality (London, 2005-2006) 

Apart from Ozone all the other air pollutants do not appear to have any regular seasonal 

or occasional trend(s). Taking Carbon monoxide as an example, the pattern distribution 

with reference to the seasonal marks (red lines) with vertical monthly grids (Figure 19), 

do not show any regular seasonal or monthly effect. This is same for the other pollutants 

(Nitrogen dioxide, Nitrogen oxide, Sulphur dioxide Formaldehyde and PM10) except 

ozone. Ozone shows some seasonal trends with notable peaks in the summer period and 

low records in the winter (See Figure 17). 
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C1.4 Codebook and data summary (2005-2006) 

Table 1 Codebook and data summary 

 
Variable in Codebook  Obs Mean Std. Dev. Min Max 
Asthma Daily admissions 730 28.48493 9.846025 6 130 
Number of records 730 1097.577 632.7526 5 2191 
Date of record 730 16801.5 210.8771 16437 17166 
Maximum temperature 706 15.42558 6.941063 -0.02 34.98 
Minimum temperature 706 7.832748 5.479739 -4.98 19.26 
Night minimum temperature 706 8.143165 5.402302 -4.98 19.26 
Night maximum temperature 706 12.24009 6.144914 -1.32 26.5 
Day Maximum temperature 706 15.34045 7.001238 -0.36 34.98 
Day Minimum temperature 706 10.21478 6.144866 -2.6 25.28 
Mean wind speed 706 7.009241 3.002575 0.7 19.5 
Air temperature 706 11.22771 6.365106 -2.54 26.48 
Wet bulb temperature 706 9.282508 5.498092 -3.25 20.54 
Dew point temperature 706 7.271619 5.506778 -6.7 18.1 
Barometric vapour pressure 706 10.82407 3.886903 3.425 20.75 
Humidity 706 77.88305 12.71152 35 99.5 
Carbon monoxide 730 2.45E-07 6.06E-08 1.37E-07 5.23E-07 
Formaldehyde 730 6.50E-09 3.25E-09 1.67E-09 1.90E-08 
Nitrogen dioxide 730 2.23E-08 7.91E-09 9.24E-09 5.63E-08 
Nitrogen oxide 730 1.72E-08 1.14E-08 2.16E-09 7.31E-08 
Ozone 730 1.14E-08 5.85E-09 8.48E-10 3.22E-08 
Particulate Matter (PM10) 730 1.12E-08 9.00E-09 1.46E-09 6.00E-08 
Sulphur dioxide 730 1.26E-08 7.39E-09 2.90E-09 4.28E-08 
Night temperature drop* 706 4.096929 2.010862 0.7 10.38 
Day temperature drop* 706 5.125673 1.872485 0.86 10.46 
Temperature drop* 706 7.592833 3.320577 0.78 17.74 
Month* 730 6.526027 3.450215 1 12 
Seasonality* 730 2.539726 1.164959 1 4 
Dichotomised “asthma”* 730 0.90411 0.294643 0 1 

*Derived variables 
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C1.5 Asthma Admissions (London, 2005-2006) 

Figure 7 Daily Asthma hospital admissions in London (2005-2006) 

0
5

0
1

0
0

1
5

0
D

ai
ly

 A
st

h
m

a
 a

d
m

is
si

on
s

0
1

ja
n

2
0

0
5

0
1

fe
b

2
0

0
5

0
1

m
a

r2
0

0
5

0
1

a
p

r2
0

0
5

0
1

m
a

y2
0

0
5

0
1

ju
n

2
0

0
5

0
1

ju
l2

0
0

5

0
1

a
u

g
2

0
0

5

0
1

se
p

2
0

0
5

0
1

o
ct

2
0

0
5

0
1

n
o

v2
0

0
5

0
1

d
e

c2
0

0
5

0
1

ja
n

2
0

0
6

0
1

fe
b

2
0

0
6

0
1

m
a

r2
0

0
6

0
1

a
p

r2
0

0
6

0
1

m
a

y2
0

0
6

0
1

ju
n

2
0

0
6

0
1

ju
l2

0
0

6

0
1

a
u

g
2

0
0

6

0
1

se
p

2
0

0
6

0
1

o
ct

2
0

0
6

0
1

n
o

v2
0

0
6

0
1

d
e

c2
0

0
6

0
1

ja
n

2
0

0
7

Date(month)

London 2005-2006

Connected plots of daily asthma hospital admissions

 
Figure 8 Daily Asthma hospital admissions in London (2005-2006) 
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Arrow marks /divisions represent the seasons in a year 
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C1.6 Asthma Admissions and Temperature (London, 2005-2006) 

 
Figure 9 Asthma Admissions and Mean Air Temperature Distribution (London, 2005-2006) 
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Figure 10 Asthma Admissions and Mean Daily Minimum/ Daily Maximum Temperature 
Distributions (London, 2005-2006) 
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Figure 11 Asthma Admissions and Mean Night Minimum/ Night Maximum Temperature 
Distributions (London, 2005-2006) 
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Figure 12 Asthma Admissions and Mean Dew point/ Wet bulb Temperature Distributions (London, 
2005-2006) 
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Figure 13 Asthma Admissions and Mean Night Minimum/ Night Maximum and Dew point/ Wet bulb 
Temperature Distributions (London, 2005-2006) 
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Figure 14 Asthma Admissions and Humidity Distributions (London, 2005-2006) 
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Figure 15 Asthma Admissions and Mean Wind speed Distributions (London, 2005-2006) 

0
50

10
0

15
0

as
th

m
a

01jan2005 01jul2005 01jan2006 01jul2006 01jan2007
Date

0
5

10
15

20
(m

ea
n

) 
m

n
w

in
d/

kn
ot

s

01jan2005 01jul2005 01jan2006 01jul2006 01jan2007
Date

(2005-2006)
Asthma Admissions for London and Mean Wind Speed Distribution

 
 

Figure 16 Asthma Admissions and Barometric vapour pressure Distributions (London, 2005-2006) 
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C1.7 Asthma Admissions and Air Quality (London, 2005-2006) 

Figure 17 Asthma Admissions and Ozone Distribution (London, 2005-2006) 
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Figure 18 Asthma Admissions and Carbon monoxide Distribution (London, 2005-2006) 
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Figure 19 Mean Daily Carbon monoxide distribution (London, 2005-2006) 
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Arrow marks /divisions represent the seasons in a year 

 
Figure 20 Asthma Admissions and NO Distribution (London, 2005-2006) 
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Figure 21 Asthma Admissions and Nitrogen dioxide Distribution (London, 2005-2006) 
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Figure 22 Asthma Admissions and Particulate matter Distribution (London, 2005-2006) 
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Figure 23 Asthma Admissions and Sulphur dioxide Distribution (London, 2005-2006) 
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Figure 24 Asthma Admissions and Formaldehyde Distribution (London, 2005-2006) 
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C2.0 Notes on Bivariate Analysis  

C2.1 Exploring Lag Days for the Explanatory Factors 

In the preliminary data exploration, we examined lags from 1 to 21 days for each key 

independent variable through a bivariate test with asthma hospital admission as a 

dependent variable. The best fit bivariate lag-day was selected for further exploration in 

modelling collective effect(s) of the independent variables. The following were selected 

for consideration (Tab 2): 

 

C3.0 Notes on Multivariable Analysis 

C3.1 Comparison and Selection of Temperature Related Indicator(s): 

We included all the temperature related variables including some generated potential 

predictors in a single model to determine the one(s) best associated with asthma 

hospitalization. These independent temperature related variables were Maximum 

temperature, Night minimum temperature, Night maximum temperature, Day maximum 

temperature, Air temperature, Dew point temperature, Wet bulb temperature, Day 

temperature drop, Temperature drop, Minimum temperature, Day minimum temperature, 

and Night temperature drop. The Minimum temperature, Day minimum temperature, and 

Night temperature drop were dropped from the model because of collinearity. The effects 

demonstrated by these potential predictors (independent variables) represent their 

respective effect on the day of hospitalization. At a p-value of 0.05, those found to be 

significant were Night maximum temperature (p=0.002), Day maximum temperature 

(p=0.01), Air temperature (p=0.025), Temperature drop (p=0.036). 
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The environmental factors that have an impact on health conditions like asthma are not 

frequently instantaneous, but rather cumulative in nature. Hence we investigated the 

lagged effects of the above selected temperature related variables. The model was 

constructed with the best selected lags for each indicator. For the lagged model, at a p-

value of 0.05, the significant predictors included the 8-day lag night maximum 

temperature (p=0.033), 9-day lag day minimum temperature (p=0.049), 9-day lag air 

temperature (p=0.001), 2-day lag dew point temperature (p=0.09) and a 9-day lag wet 

bulb temperature (p<0.0001). The NegBin output illustrates the expected change in log 

count for a one-unit increase in temperature. Thus for example in the un-lagged NegBin 

model (Table 3), every one degree increase in the “Night max temperature” there is an 

expected increase of 1.041 (~exp 0.04) daily asthma hospital admissions, given all other 

factors are held constant. Similarly, for every one degree increase in “Air temperature” 

there is an expected drop of 1.083 (~exp -0.08) daily asthma hospital admissions. 

However in the lagged model (Table 4) one degree increase in the “Night max 

temperature” results in an increase of 1.031 (~exp 0.03) daily asthma hospital 

admissions, accounting for all the other listed variables 

 

C3.2 Comparison and Selection of Air Pollutant Related Indicator(s): 

In selecting the appropriate air pollutants, we included all air pollutants (available in our 

dataset) in the negative binomial regression base model. These variables were Carbon 

monoxide, Formaldehyde (HCHO), Nitrogen dioxide, Nitrogen oxide, Ozone, Sulphur 

dioxide, and Particulate matter (pm10). Hence they were all treated as potential predictors 
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so that we could subsequently determine the one(s) most strongly associated with asthma 

hospitalization. We observed Nitrogen dioxide (p=0.043) Ozone (p=0.001) Sulphur 

dioxide (p=0.002) were significantly associated with daily asthma hospital admissions.  

 

We then proceeded to assess the lagged effects of these pollutants. The lagged model was 

constructed with the best selected lags for each indicator. These lags were 1-day lag 

Carbon monoxide, 2-day lag HCHO, 1-day lag Nitrogen dioxide, 3-day lag Nitrogen 

oxide, 14-day lag Ozone, 3-day lag Sulphur dioxide, 2-day lag PM10, and a 21-day lag 

PM10. At a p-value of 0.05, 14-day lag Ozone (p<0.0001), 3-day lag Nitrogen oxide 

(p=0.012), 2-day lag PM10 (p=0.024), and a 21-day lag PM10 (p=0.03) were significant. 

This preliminary predictive model also took into account other potential predictors e.g. 

the astronomical seasonal effect, monthly variations, humidity and wet bulb temperature. 
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Table 2 List of best selected lag days of the bivariate analysis (independent variables) generated from 

the NegBin model given that the alpha coefficient of each >0 

 

Variable Lag 
Day 

Coef. Std.Err. z P|>|z [95% Conf. Interval] 

Maximum temperature L15. -0.00943 0.001851 -5.09 0.000 -0.01306 -0.0058 

Minimum temperature L8. -0.01004 0.002288 -4.39 0.000 -0.01453 -0.00556 

Night minimum temperature L8. -0.00878 0.00232 -3.78 0.000 -0.01333 -0.00423 

Night maximum temperature L8. -0.00942 0.002058 -4.58 0.000 -0.01345 -0.00539 

Day Maximum temperature L15. -0.0094 0.001836 -5.12 0.000 -0.013 -0.0058 

Day Minimum temperature L9. -0.01062 0.002046 -5.19 0.000 -0.01463 -0.00661 

Night temperature drop L19. -0.03297 0.006322 -5.21 0.000 -0.04536 -0.02057 

Day Temperature drop L13. -0.02492 0.006725 -3.71 0.000 -0.03811 -0.01174 

Temperature drop L19. -0.01841 0.003818 -4.82 0.000 -0.02589 -0.01093 

Mean wind speed L2. -0.01145 0.004137 -2.77 0.006 -0.01956 -0.00334 

Air temperature L9. -0.01032 0.001977 -5.22 0.000 -0.01419 -0.00645 

Wet bulb temperature L9. -0.00886 0.002285 -3.88 0.000 -0.01334 -0.00438 

Dew point temperature L2. -0.00601 0.002284 -2.63 0.008 -0.01049 -0.00153 

Barometric vapour pressure L2. -0.00937 0.003225 -2.9 0.004 -0.01569 -0.00305 

Humidity L7. 0.007207 0.000964 7.48 0.000 0.005318 0.009095 

Humidity L19. 0.008059 0.000976 8.26 0.000 0.006146 0.009972 

Carbon monoxide L1. 969867 199547.2 4.86 0.000 578761.6 1360972 

Formaldehyde L2. 1.85E+07 3656317 5.06 0.000 1.13E+07 2.57E+07 

Nitrogen dioxide L1. 5674741 1526307 3.72 0.000 2683235 8666247 

Nitrogen oxide L3. 4742168 1031354 4.6 0.000 2720752 6763584 

Ozone L14. -1.31E+07 2116023 -6.2 0.000 -1.73E+07 -8981818 

Sulphur dioxide L3. 4143018 1644753 2.52 0.012 919360.7 7366675 

Particulate Matter (PM10) L2. 2568230 1345142 1.91 0.056 -68198.6 5204659 

Particulate Matter (PM10) L21. -4248289 1433593 -2.96 0.003 -7058080 -1438497 
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Table 3 Negative binomial regression Asthma Model comparing the temperature related independent 

variables [alpha>0] 

 

Variable Log change Robust Std. Err 
Maximum temperature 0.03 0.03 
Night min. temperature 0.02 0.02 
Night max. temperature 0.04** 0.01 
Day max. temperature -0.09** 0.03 
Air temperature -0.08* 0.03 
Dew point temperature -0.01 0.03 
Wet bulb temperature 0.09 0.06 
Day temperature drop 0.02 0.01 
Temperature drop 0.03* 0.01 

Expected change in log count for a one-unit increase in temperature 
Coefficient: * p<0.1 ** p<0.01; Log psuedo-likelihood: -2508.86; Chi2: 101. 

 

Table 4 Negative binomial regression Asthma Model comparing the lagged (L) day temperature 

related independent variables [alpha>0] 

 

Variable Log change Robust Std. Err 
L15.Maximum temperature 0.01 0.05 
L8.Minimum temperature -0.02 0.02 
L8.Night min. temperature 0.01 0.02 
L8.Night max. temperature 0.03* 0.01 
L15.Day max. temperature -0.02 0.04 
L9.Day min. temperature -0.04 0.02 
L19.Night temperature drop -0.01 0.01 
L13.Day temperature drop -0.01 0.01 
L19.Temperature drop -0.00 0.01 
L9.Air temperature -0.05** 0.02 
L9.Wet bulb temperature 0.07*** 0.01 
L2.Dew point temperature 0.01 0.00 

Expected change in log count for a one-unit increase in variable 
Coefficient: * p<0.1 ** p<0.01; *** p<0.001; Log psuedo-likelihood: -2035.88; Chi2: 86.03. 
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Table 5 Negative binomial regression Asthma Model comparing the air pollutant related 

independent variables [alpha>0] 

 

Variable Log change in kgm-3 (µm-3) Robust Std. Err 
Carbon monoxide 6.5e+05      (0.00065) 4.10E+05 
Formaldehyde 1.0e+07      (0.01) 1.50E+07 
Nitrogen dioxide 7.4e+06*     (0.0074) 3.70E+06 
Nitrogen oxide -5.2e+05     (-0.00052) 4.20E+06 
Ozone -9.7e+06*** (-0.009.7) 2.80E+06 
Sulphur dioxide -1.2e+07**  (-0.012) 3.80E+06 
Particulate matter -2.3e+06     (-0.0023) 2.20E+06 

Expected change in log count for a one-unit increase in variable 
Coefficient: * p<0.1 ** p<0.01; *** p<0.001; Log psuedo-likelihood: -2626.79; Chi2: 44.41. 

 

 

Table 6 Negative binomial regression Asthma Model comparing the lagged (L) day air pollutant 

related independent variables [alpha>0] 

 

Variable Log change in kgm-3 (µm-3) Robust Std.Err 
L1. Carbon monoxide 3.5e+05      (0.00035) 3.20E+05 
L2.Formaldehyde 9.9e+06      (0.0099) 5.50E+06 
L1.Nitrogen dioxide 3.8e+06      (0.0038) 2.30E+06 
L3.Nitrogen oxide 4.8e+06*     (0.0048) 1.90E+06 
L14.Ozone -1.0e+07*** (-0.01) 2.20E+06 
L3.Sulphur dioxide -2.3e+06     (-0.0023) 2.90E+06 
L2.Particulate matter -4.4e+06*    (-0.0044) 2.00E+06 
L21.Particulate matter -3.0e+06*    (-0.003) 1.40E+06 

Expected change in log count for a one-unit increase in variable 
Coefficient: * p<0.1 ** p<0.01; *** p<0.001; Log psuedo-likelihood: --2538; Chi2: 79.99. 
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C4.0 Negative binomial regression Asthma Models  

Table 7 Negative binomial regression Asthma Model output: comparing the temperature related 

independent variables [alpha>0] 

 
Variable Coef. P|>|z [95% Conf. Interval] 
Maximum temperature 0.031711 0.346 -0.03426 0.097681 
Night min. temperature 0.021357 0.157 -0.00821 0.050924 
Night max. temperature 0.035668 0.002 0.012706 0.05863 
Day max. temperature -0.0883 0.01 -0.15548 -0.02112 
Air temperature -0.07678 0.025 -0.14391 -0.00965 
Dew point temperature -0.00836 0.77 -0.06431 0.047602 
Wet bulb temperature 0.086987 0.157 -0.03337 0.20734 
Day temperature drop 0.017915 0.139 -0.00583 0.041662 
Temperature drop 0.027737 0.036 0.001878 0.053595 

 

 

Table 8 Negative binomial regression Asthma Model output: comparing the lagged (L) day 

temperature related independent variables [alpha>0] 

 
Variable Coef. Std. Err. P>z [95% C.I.] 
L15.Maximum temperature 0.012215 0.045319 0.788 -0.07661 0.101038 
L8.Minimum temperature -0.01757 0.021748 0.419 -0.06019 0.025058 
L8.Night min. temperature 0.010055 0.019787 0.611 -0.02873 0.048835 
L8.Night max. temperature 0.02636 0.01163 0.023 0.003566 0.049154 
L15.Day max. temperature -0.01821 0.044994 0.686 -0.10639 0.069978 
L9.Day min. temperature -0.03569 0.018825 0.058 -0.07259 0.001206 
L19.Night temperature drop -0.01449 0.010316 0.16 -0.0347 0.005733 
L13.Day temperature drop -0.00792 0.00814 0.331 -0.02387 0.008034 
L19.Temperature drop -0.00211 0.006273 0.737 -0.0144 0.010183 
L9.Air temperature -0.05285 0.016218 0.001 -0.08464 -0.02107 
L9.Wet bulb temperature 0.072636 0.013127 0 0.046907 0.098365 
L2.Dew point temperature 0.005769 0.003566 0.106 -0.00122 0.012758 
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Table 9 Negative binomial regression Asthma Model output: comparing the air pollutant related 

independent variables [alpha>0] 

Variable Coef. P>z [95% Conf. Interval] 
Carbon monoxide 654161.9 0.107 -141899.8 1450224 
Aldehyde 9999356 0.491 -1.85E+07 3.85E+07 
Nitrogen dioxide 7420196 0.043 247980.1 1.46E+07 
Nitrogen oxide -520672.4 0.9 -8658836 7617491 
Ozone -9726108 0.001 -1.52E+07 -4231523 
Sulphur dioxide -1.17E+07 0.002 -1.91E+07 -4377266 
Particulate matter -2294866 0.287 -6515491 1925760 

 

 

Table 10 Negative binomial regression Asthma Model output: comparing the lagged (L) day air 

pollutant related independent variables [alpha>0] 

Variable Coef. Std. Err. z P>z [95% Conf. Interval] 
L1. Carbon monoxide 348301.3 316345.6 1.1 0.271 -271725 968327.3 
L2.Aldehyde (HCHO) 9873557 5499699 1.8 0.073 -905655 2.07E+07 
L1.Nitrogen dioxide 3836785 2326530 1.65 0.099 -723131 8396701 
L3.Nitrogen oxide 4830577 1925435 2.51 0.012 1056793 8604361 
L14.Ozone -1.01E+07 2190761 -4.63 0.000 -1.44E+07 -5853814 
L3.Sulphur dioxide -2313985 2869959 -0.81 0.42 -7939001 3311032 
L2.Particulate matter -4406147 1957636 -2.25 0.024 -8243043 -569251 
L21.Particulate matter -3003781 1381040 -2.18 0.03 -5710570 -296991 
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Table 11 Negative binomial regression Asthma predictive Model I: output 

Variable Coef. P>|z| [95% Conf. Interval] 
Summer_2 0.140692 0.027 0.0163488 0.265036 
Autumn_3 0.350927 0.000 0.21291 0.488944 
Winter_4 0.315164 0.000 0.1879445 0.442383 
Feb_2 -0.05612 0.318 -0.166344 0.054105 
Mar_3 0.017414 0.779 -0.104232 0.13906 
Apr_4 0.366958 0.000 0.1933843 0.540532 
May_5 0.50403 0.000 0.330006 0.678054 
Jun_6 0.465243 0.000 0.2893184 0.641167 
Jul_7 0.090724 0.363 -0.104808 0.286256 
Aug_8 -0.073616 0.45 -0.264809 0.117578 
Sep_9 0.266811 0.002 0.1010651 0.432557 
Oct_10 0.228422 0.003 0.0758018 0.381043 
Nov_11 0.234457 0.000 0.1088046 0.360109 
Dec_12 0.125736 0.025 0.016077 0.235394 
L9.airtemp -0.006746 0.041 -0.013204 -0.00029 
L14.Ozone -5487578 0.02 -1.01E+07 -870439 
L3.Noxide 3511809 0.000 1683269 5340349 
L7.humidity 0.002768 0.009 0.000685 0.004851 

 

Table 12 Negative binomial regression Asthma predictive Model I with robust standard errors: 
output 
 

Variable Coef. Robust  
Std. Err* 

P>|z| [95% Conf. Interval] 

Summer_2 0.140692 0.132355 0.027 0.0163488 0.265036 
Autumn_3 0.350927 0.090399 0.000 0.21291 0.488944 
Winter_4 0.315164 0.069943 0.000 0.1879445 0.442383 
Feb_2 -0.05612 0.042349 0.318 -0.166344 0.054105 
Mar_3 0.017414 0.051614 0.779 -0.104232 0.13906 
Apr_4 0.366958 0.090871 0.000 0.1933843 0.540532 
May_5 0.50403 0.090036 0.000 0.330006 0.678054 
Jun_6 0.465243 0.110563 0.000 0.2893184 0.641167 
Jul_7 0.090724 0.105931 0.363 -0.104808 0.286256 
Aug_8 -0.073616 0.103272 0.45 -0.264809 0.117578 
Sep_9 0.266811 0.085022 0.002 0.1010651 0.432557 
Oct_10 0.228422 0.064893 0.003 0.0758018 0.381043 
Nov_11 0.234457 0.048614 0.000 0.1088046 0.360109 
Dec_12 0.125736 0.042966 0.025 0.016077 0.235394 
L9.airtemp -0.006746 0.00303 0.041 -0.013204 -0.00029 
L14.Ozone -5487578 2315343 0.02 -1.01E+07 -870439 
L3.Noxide 3511809 741015.7 0.000 1683269 5340349 
L7.humidity 0.002768 0.000967 0.009 0.000685 0.004851 

*The robust standard errors attempt to adjust for heterogeneity in the model. 
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