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Abstract 

Asthma is a global health problem and among the most common chronic conditions in childhood. 

Several models were proposed to predict asthma in children, but their reproducibility in external 

populations was limited and none was developed to predict asthma in adolescence. 

I conducted a systematic review of asthma predictive models validated in external populations; 

validation studies showed poorer predictive performances than development studies.  

I developed predictive models for asthma between 15 and 20 years, using data from the Study Team 

for Early Life Asthma Research (STELAR) consortium of five UK asthma cohorts. For one of these 

cohorts, the Ashford study, I developed an questionnaire to collect follow-up information when study 

subjects were age 20 years.  

I harmonised 41 variables across the STELAR cohorts, 39 of which were used as candidate predictors 

to develop predictive models, while the others were used to define asthma at 15–20 years. Asthma at 

that age was defined as positive responses to ‘current wheezing’ and ‘asthma medications in the last 

year’.Two of the five STELAR cohorts (development data) were combined to develop predictive models 

using stepwise regression and frequentist, Bayesian and empirical Bayes regularization models. The 

remaining cohorts (validation data) were used to assess predictive performance using discrimination 

and accuracy measures. Analyses were performed in two populations - all children and a subgroup with 

reported wheezing between two and five years  (high-risk population). Sex, eczema, sensitization to 

house dust mite and doctor’s diagnosis of asthma  in early childhood (4-7 years) were identified as 

asthma predictors at 15-20 years in both populations. Additional predictors in the general population 

included early wheezing symptoms and parental allergies, while in the high-risk population maternal 

allergies and pet in the house at one year were important for asthma prediction in adolescence. 

Sensitivity was higher in the general population, whereas positive predictive value was higher in the 

high-risk population. Although accuracy was good in both populations, the predictive ability of the 

models developed was limited.
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1 Chapter 1 – Introduction 

Asthma is a global health problem, affecting ~300 million people worldwide (1), a figure that is  

projected to increase to 400 million by 2025 (2). It is common in both western and developing 

countries (1, 2), and the World Health Organization suggests that it is the most common non-

communicable disease among children. In the UK, an estimated 5.4 million people have asthma, of 

whom 1.1 million are children (3). Asthma adversely affects school and work performance (4), 

leading to a substantial burden on individuals and both direct and indirect costs for society. For 

example, the British annual healthcare costs associated with asthma are currently £1.1 billion, with 

at least £666 million spent on prescriptions. Additional costs include £160 million on general practice 

consultations, £143 million on disability claims and £137 million on hospital care (Asthma UK). 

Asthma in children and adults includes a collection of clinical syndromes that to a greater or lesser 

extent limit expiratory airflow due to  chronic inflammation, hyper-secretion of mucus and bronchial 

hyper-responsiveness (1, 3). During normal breathing, muscle bands surrounding the airways are 

relaxed, and air moves without obstruction. In people with airway obstruction, such as asthma, the 

airways walls are thickened and the bands of muscle surrounding them become tightened during 

asthma attacks (Figure 1.1). A person experiencing obstruction may feel short of breath, and the air 

moving out through the narrowed airways causes a whistling sound known as wheezing. Fortunately, 

this airway narrowing in asthma is generally reversible by using medications such as bronchodilators 

and corticosteroids. 

 

https://www.asthma.org.uk/about/media/news/asthma-uk-study-1.1bn/
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Figure 1.1: Representation of normal and obstructed airways (http://ib.bioninja.com.au/) 

Thus, the most common asthma symptoms include wheezing, shortness of breath, chest tightness 

and cough (1, 3). These symptoms usually start during the first three years of life, with one in three 

children experiencing more than one episode of wheezing. They frequently abate during school age 

and sometimes recur in adolescence and adulthood (5). In established asthma, the most common 

triggers of symptoms are exposures to aero-allergens, such as those from pollen, house dust mite 

and animals; viral upper airway infections; exercise; cold air; exposure to tobacco smoke and 

ambient fine air pollution (1).  

The diagnosis of asthma is based on a combination of clinical symptoms, measures of lung function 

and the exclusion of alternative diagnoses (1, 3). In children, it is useful to divide asthma by age at 

onset, specifically, preschool (age five years or younger) and school-aged (age over five years) 

asthma. In school-aged children and adults, a measurement of lung function is used to support the 

diagnosis of asthma and to evaluate the need for treatment adjustment (1, 3). However, in preschool 

children, asthma-like symptoms are common, and because a diagnosis cannot be supported by 

standard lung function tests (because of lung immaturity and the inability to perform accurate 

standard lung function measurements), clinicians must rely on symptoms such as coughing, 

breathlessness and wheeze (1, 3).  

Specifically, the UK National Institute of Health and Care Excellence (NICE) has proposed an asthma 

diagnostic algorithm for adults and young people, based on four measures of lung function and 

inflammation, including spirometry (forced expiratory volume in 1s [FEV1], forced vital capacity [FVC] 

http://ib.bioninja.com.au/
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and the ratio of FEV1/FVC); bronchodilator reversibility; fractional exhaled nitric oxide (FeNO) and 

peak flow variability (3). The algorithm starts with a spirometry test to identify airways obstruction; 

a bronchodilator reversibility test is then considered to confirm the obstruction and its reversibility 

(if any); the FeNO and peak flow variability tests are performed in cases of diagnostic uncertainty 

after spirometry. In practice, these objective examinations have not been integrated, and the 

accomplishment of lung function tests is generally difficult among preschool children, making the 

diagnosis problematic and unreliable until at least school age (6). When children are unable to 

perform objective tests for diagnosing asthma, physicians are advised to assess the condition based 

on symptoms and clinical judgment and review the child regularly until lung function measurements 

can be obtained. 

In contrast, the Global Initiative for Asthma (GINA)  guideline (1) has defined childhood asthma by 

recurrent patterns of a number of  respiratory symptoms, such as wheezing, chest tightness and 

coughing, with these symptoms tending to be more prevalent during nights and early mornings, and 

by their response to asthma medications (bronchodilators and inhaled corticosteroids) (7, 8).  

However, the assessment of symptoms alone in clinical practice and epidemiologic studies may lead 

to misdiagnosis of asthma and inappropriate disease management. An incorrect diagnosis of asthma 

can occur due to misinterpretation of respiratory symptoms not related to asthma and/or the 

subjectivity of self-reported information within the interpretation of the term ‘wheeze’ (9).  

Thus, the clinical definition of asthma in children is not entirely clear, and the relationship of early-

life asthma to the common symptoms of wheeze, cough and breathlessness is not completely 

understood (10). Although these symptoms are the mainstay of measurement when attempting to 

diagnose asthma, their variation during the first five years of life makes it difficult to distinguish early-

life asthma from factors that may increase the chance of developing the condition. To clarify the 

wheeze-asthma relationship in childhood, previous studies associated preschool asthma with factors 

relating to early symptoms, epigenetics and the environment (11, 12).  

Asthma is thought to develop from an inappropriate immune response early in life caused by 

complex interactions between exposures and the host immune system. The heritability of asthma is 

high, and a large-scale, genome-wide study of asthma showed associations with genes that control 
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innate and adaptive immune components (13). There is a clear indication that the developing 

immune system is sensitive to environmental exposures (see section 1.2.7 Gene-environment 

interactions), suggesting the possibility of gene-environment interactions in its pathogenesis (14).  

The variability in the expression of asthma-like symptoms observed in a clinical setting has prompted 

a move away from the concept that asthma is a single entity; asthma is now generally considered an 

umbrella term for several distinct conditions that share common clinical features (10). 

1.1 Asthma phenotypes 

A phenotype is defined as an observable property that arises from the interaction of genes and 

environmental exposures. Phenotypes are characteristics that can be observed and measured over 

a certain period of time (15-17). Asthma phenotypes have potential value for understanding and 

differentiating the mechanisms underlying the different conditions grouped under the term ‘asthma’ 

(16-18); these phenotypes could also improve our understanding of the natural history of asthma 

and could lead to more precise prevention strategies and to the development of effective 

personalised medicine (16, 17). Although the characteristics of childhood asthma overlap with those 

of several respiratory syndromes, including bronchitis, early-life exposures of children who exhibit 

transient symptoms appear to differ from those in whom asthma persists. The following three broad 

clinical wheeze phenotypes are recognised: atopic asthma, non-atopic asthma and virus-associated 

wheeze. 

- Children with atopic asthma have cutaneous sensitisation to at least one allergen, with 

wheezing episodes that often occur in association with exercise or exposure to allergens. 

Early-onset atopic asthma is associated with severe wheeze—often persistent—and airway 

abnormalities (19). 

- Children with non-atopic asthma have wheezing episodes without any atopic sensitisation; 

non-atopic asthma is often outgrown during childhood (19).  
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- Children with virus-associated wheeze have symptoms that occur only during an upper or 

lower respiratory tract infection. Pre-existing airway abnormalities are common (19), but a 

genetic or personal history of atopy is no more common than usual. Although this phenotype 

is usually outgrown by five years of age, there is concern that children with transient virus-

associated wheeze might develop chronic obstructive pulmonary disease in adulthood (20). 

The presence of wheeze is one of the key determinants of asthma. Wheeze can manifest in various 

ways and at different time points in a child’s life. However, not all wheeze leads to asthma, 

particularly in children younger than age three years. Several studies have attempted to refine 

wheeze phenotypes in childhood; at the most general level, phenotypes have been characterised 

based on triggers or age at onset.  In the past few decades, European Task Forces have proposed 

phenotypes of preschool children with wheeze, based on literature reviews and clinical knowledge 

(21, 22). Those phenotypes were based on periodicity or triggers, such as ‘episodic viral wheezing’ 

and ‘multiple trigger wheeze’ (21-23). In episodic viral wheezing, asthma-like symptoms are 

precipitated exclusively by viral colds; in multiple trigger wheeze they occur in the absence of colds 

but during exercise, laughing and other activities. Whereas it was assumed that episodic viral wheeze 

was associated with viral respiratory tract infections and that its prevalence decreased over time, 

multiple trigger wheeze was considered to be associated with chronic allergic airway inflammation 

and to precede asthma (21-23). Overall, a small number of studies reported on these trigger-related 

phenotypes but with conflicting results (23, 24). Thus, the ability of such phenotypes to distinguish 

which preschool children will or will not have asthma at school age remains limited, and they cannot 

distinguish, with sufficient clarity, different disease entities with separate aetiologies (16, 25). 

Several longitudinal studies explored the progression of asthma symptoms from childhood to 

adulthood (9, 26). Temporal patterns of disease remission and relapse have been used to classify 

different wheezing phenotypes by age at onset during childhood (5, 27-29). The first study to explore 

these wheezing patterns was conducted in an unselected birth cohort based in Tucson, Arizona; 

Martinez et al. (5) used a subjective clinical approach to identify the following patterns of wheeze 

over time: never wheeze, transient early-onset wheeze, persistent wheeze and late-onset wheeze. 

Transient early-onset wheeze was defined as wheeze with onset before age three years and 

resolution by age six years; these children initially had poor lung function in infancy that later 
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improved but remained lower than that of the control group ‘never wheeze’, defined as children 

who had never wheezed by age six years. 

1.1.1 Transient early-onset wheeze 

In the Avon Longitudinal Study of Parents and Children (ALSPAC), Henderson et al. (27, 30) used a 

data-driven approach (longitudinal latent class model) based on repeated parental reports of 

wheeze from birth to seven years and identified an additional phenotype,  prolonged early wheezing, 

which was characterised by wheezing between six and 54 months. Although this phenotype seemed 

to be a more severe form of transient wheeze identified in the Tucson study, early-life lung function 

was not available in the ALSPAC cohort thus hindering evaluation as to whether there is a distinction 

in premorbid lung function for this group of children compared to those with transient early wheeze. 

The results from ALSPAC have been replicated using similar methodology in other cohorts (31-33).  

The Manchester Asthma and Allergy Study (MAAS) used a similar approach,  integrating data from 

parental questionnaires and medical records to determine children’s wheeze symptoms. Similar to 

the Tucson study, MAAS identified a transient early wheeze group characterised by wheeze between 

age one and five years. However, they found that lung function in these children remained impaired, 

compared to non-wheezing children, throughout childhood (31). Overall, risk factors for transient 

early wheeze include exposure to tobacco smoke, day care attendance, viral infections and family 

history of asthma (30, 34) (for more details, see section 1.2 Asthma risk factors). 

1.1.2 Persistent wheeze 

Children with persistent wheeze start wheezing early in life, and their symptoms continue into later 

childhood (5). One characteristic of persistent wheeze is diminished lung function by school age, 

with likely persistence into adulthood. Martinez et al. (5) found that, compared with the control 

group (non-wheezing), children with persistent wheeze initially had normal lung function, but their 

lung function worsened significantly by age six years. Using similar subjective methods to 

characterise children, groups from New Zealand (35) and Australia (36) found that children who were 

categorised as persistently wheezing continued to wheeze into adulthood and had consistently 

lower lung function. Data from primary care medical records in the MAAS cohort (31) allowed for 

stratification of persistent wheeze into two distinct subgroups: persistent controlled and persistent 
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troublesome wheeze. Children with troublesome wheeze were more likely to have a high symptom 

burden despite high doses of inhaled corticosteroids. In ALSPAC, those with persistent wheeze 

showed a similar pattern but with weaker atopy associations (27, 30). An intermediate-onset wheeze 

(onset between 18 and 42 months) was identified in ALSPAC; children in this category were more 

likely to have atopic sensitisation (particularly to house dust mite and cat), have poor lung function 

and subsequently be at risk of developing asthma in adolescence.  

1.1.3 Late-onset wheeze 

Late-onset wheeze is generally described as wheeze with onset after age three years that persists 

into later childhood. Atopic sensitisation is consistently associated with this phenotype of wheeze 

across different studies (30, 31). However, the association between late-onset wheezing, lung 

function and bronchial hyper-responsiveness differs among studies. For example, MAAS and ALSPAC 

found that late-onset wheeze was significantly associated with increased bronchial hyper-

responsiveness and impaired lung function at age six years (30, 31), whereas the Prevention and 

Incidence of Asthma and Mite Allergy (PIAMA) (32) and Southampton Women’s Study (SWS) (37) 

showed no such associations. Amongst environmental exposures, maternal smoking during 

pregnancy was a risk factor for late-onset wheezing in some (5) but not in all studies (31, 37).  

By definition, these four temporal wheezing phenotypes (never wheeze, transient early-onset 

wheeze, persistent wheeze and late-onset wheeze) can only be identified retrospectively and thus 

cannot be used to establish immediate management and therapeutic strategies.  

Other longitudinal studies investigated the higher prevalence of atopic disorders and characterised 

both the origin and evolution of childhood wheeze phenotypes (38, 39). These epidemiological 

studies suggested that respiratory morbidity, in childhood and adulthood, was associated with early 

onset of symptoms, early impairment of lung function and genetic disposition, leading to the idea 

that a combination of genetic and environmental factors might predispose to wheezing disorders as 

a consequence of altered immune or airway development. However, genetic changes at a population 

level cannot explain the rapid increase in asthma prevalence in the last few decades; early 

environmental exposures might be key factors in the inception of paediatric asthma and wheeze. 
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1.2 Asthma risk factors 

1.2.1 Prenatal exposure 

The development of asthma is thought to begin perinatally, that is, in utero (40-42), and may become 

problematic in childhood and later life. Indeed, prematurity and a suboptimal intrauterine 

environment may lead to lung impairment and can affect later respiratory health. Prenatal factors 

that have been shown to be responsible for the development of asthma include maternal dietary 

intake (43), maternal body composition and maternal endocrine status (44). There is also evidence 

that transgenerational factors might disrupt the long-term health of offspring. A well-recognised 

transgenerational factor is maternal birthweight, which influences the wellness of the foetus and 

child during early life (45). Foetal growth, which is linked to childhood respiratory function, depends 

on the uptake of nutrients from a complex maternal supply line: nutrients supplied to the foetus 

reflect placental function as well as maternal physiological adaptations to pregnancy, maternal 

intake and absorption of nutrients and foetal nutritional demand (43, 46). Although the link between 

foetal and maternal nutrition is indirect, the idea that maternal diet might influence her newborn’s 

respiratory and immune development has received support from animal studies (47). The influence 

of breastfeeding on the risk of childhood asthma and atopy is controversial. Some studies have 

shown breastfeeding to be a protective factor (48), while others reported higher rates of allergy and 

asthma among breastfed children (49, 50). Thus, it is likely that asthma and atopy are influenced not 

by the act of breastfeeding itself, but by maternal exposures through the milk. 

1.2.2 Atopy/Allergic sensitization 

Another critical risk factor for asthma development is allergic sensitisation determined by the 

immune system, which is vulnerable to perinatal insults in a manner similar to that of airway 

development. The perinatal immune system is finely balanced, to ensure an appropriate response 

to an invading pathogen and to minimise risk of injury to the host (51). The deviation of the immune 

system toward a particular cytokine response (such as T-helper type 2 [Th2] cells), is often associated 

with atopic asthma (52). Infants and children who fail to convert from a foetal Th2 to a mature T-

helper type 1 (Th1) immune phenotype are more likely to be sensitised and develop atopy (53). 
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However, this failure of the immune system response occurs mainly in individuals who are exposed 

to more detrimental environmental risk factors and/or are more genetically susceptible.  

1.2.3 Sex differences 

Sex differences are known to be associated with the development and persistence of asthma in a 

time-dependent manner. The incidence and prevalence of asthma are higher among boys than 

among girls until age 13–14 years (54), and a greater proportion of adolescent males have remission 

of asthma (55, 56). Boys have more severe asthma before age 12 than girls (57); conversely, adult 

females have more severe asthma than males (55). However, several studies through puberty have 

shown a greater incidence of asthma among adolescent males, with more hospital admissions and 

longer hospital stays (58-60). Perhaps this finding is related to sex differences in immune function as 

well as hormone levels across the lifespan (61, 62). 

1.2.4 Hygiene hypothesis 

Family size and the number and order of siblings are associated with the risk of developing asthma. 

The hygiene hypothesis suggests that infants who are exposed to many infections, including those 

caused by bacteria and parasites, might be protected from asthma development in childhood (63). 

Although this theory has been supported by some studies of allergy prevalence (64), it has been 

partially refuted by recent studies (65, 66). Children of parents with lower socioeconomic status tend 

to have greater morbidity from asthma (67), although the  findings are mixed (68).  

1.2.5 Antibiotic use 

The use of antibiotics has been associated with early wheezing and asthma (69, 70). Frequent 

antibiotic use might represent a surrogate marker for a higher number of infections in early life. 

Infections of the lower respiratory tract affect early childhood wheezing, but it is unclear whether 

infection alone has a role in the development of persistent asthma. For example, infection of the 

lower respiratory tract in genetically susceptible infants who are sensitised to inhalant allergens, 

such as house dust mite, cat and mixed grass, may lead to deviation toward an immune response 

which promotes asthma.  
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1.2.6 Environmental risk factors 

Maternal smoking during pregnancy affects the responsiveness of the foetal immune system, via 

cord blood mononuclear cells, to allergens (71) and contributes to limited airway function in 

newborn infants as well as poor respiratory health during childhood. Exposure to environmental 

tobacco smoke during early childhood has also been associated with impaired lung function (45). 

Other pollutants that can harm neonatal and childhood respiratory outcomes include indoor 

environmental factors, such as mould and harmful emissions from household cleaning agents and 

paint, and outdoor environmental factors, such as particulate matter pollution, sulphur dioxide, 

nitrogen oxides, ozone, extreme temperatures and high humidity (45).  

Together these findings suggest that aspects of the in utero and early-life environments are 

significant determinants of later health and that factors influencing foetal growth, as well as the 

environment where the child lives, might also affect respiratory and immune development.  

1.2.7 Genetic risk factors 

Approaches to the discovery of genes related to asthma have ranged from candidate gene 

association studies and genome-wide linkage studies, to more recent genome-wide association 

studies (GWAS). The results of these studies have highlighted the importance of genetic variants in 

or near genes that are implicated in the development of asthma or allergic diseases (72, 73). Large 

studies, including the European GABRIEL Consortium, a multidisciplinary study to identify the genetic 

and environmental causes of asthma in the European community (13), and the US EVE Consortium 

(74), identified a number of genetic variants associated with asthma in children, in particular in the 

chromosome region 17q21. However, the predictive value for this chromosome region is low, with 

specificity being 75% and sensitivity only 35%. Other genes, such as IL33, IL1RL1 and IL18R1, have 

also been implicated in asthma development (75). A different approach using transcriptomic analysis 

of peripheral blood in children with virally induced wheeze and exacerbations found that there are 

distinct microRNA profiles in CD8 and T cells, with reduced regulation of microRNA-146a/b and 

microRNA-28-5p (76). 
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The results of genetic association studies have not been consistent across different populations, 

suggesting that genes that confer susceptibility to asthma might cause disease only in the presence 

of specific environmental exposures, that is, through gene-environment interactions (77). An 

example of how genetic susceptibility can be modified by environmental exposure is found in the 

interaction between the glutathione S-transferase M1 genotype and ozone exposure. Asthmatic 

children with a homozygous deletion of the glutathione S-transferase M1 gene appear more 

susceptible to the deleterious effects of ozone on small airway function and derive greater benefit 

from antioxidant supplementation (78).  

Environmental factors can also interact with genetic risk by influencing the transcription of asthma 

susceptibility genes. For example, in utero exposure determined by maternal nutrition, smoking, 

body composition and maternal endocrine status could influence foetal physiological development 

directly by modifying gene expression.  

Environmental factors can also interact with the genome via epigenetic mechanisms, which are 

heritable modification of gene expression by mechanisms that do not change the DNA sequence (79). 

Epigenetic modification in early life allow environmental factors to modify the expression of a child’s 

genome with the potential to cause asthma and/or atopy. Several mechanisms of epigenetic 

modification of gene expression have been discovered (80). First, gene-regulatory regions can be 

methylated or demethylated; this process alters gene expression in a graded fashion. Second, the 

structure of the protein-DNA complex can be modified by histone chromatin acetylation. There is 

widespread demethylation and methylation during gametogenesis and during early embryogenesis 

just prior to blastocyst development; any modifications that occur then are stable throughout 

subsequent somatic differentiation. Epigenetic mechanisms have been shown to influence 

expression of transcription factors that control T cell lineage (81). A recent study, for example, 

showed that, in a mouse model in utero, dietary methyl donors increased the severity of allergic 

airway disease through epigenetic mechanisms (82). Inclusion of genetic factors in prediction models 

might increase their predictive performance and improve forecasting of asthma development. 

However, this information is not readily available in clinical practice and its inclusion would limit the 

routine use of a predictive model. 
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1.3 Asthma prediction models 

It has proved difficult to predict which children with wheeze will have persistent symptoms of 

asthma later in life based on temporal patterns, environmental exposures and other risk factors. 

Being able to predict an individual’s risk of developing asthma in adolescence and young adulthood 

would enable physicians to identify high-risk children and to forecast the development, progression 

or remission of the condition. It would also be helpful to parents, and it would assist in the design of, 

and recruitment to, studies of novel disease-modifying treatments. On the other hand, accurately 

identifying children at low risk of asthma would help prevent over-treatment of children with 

wheezing symptoms, thereby decreasing the incidence of side effects (83) and reducing the cost of 

healthcare services (84). 

1.3.1 Asthma Predictive Index (API) and other models 

In studies of asthma prediction, several risk profile models have been proposed to identify preschool 

children who are at high risk of asthma at school age (85, 86). The best known of these, the Asthma 

Predictive Index (API), is based on the Tucson Children’s Respiratory Study  (87). A positive API score 

requires recurrent wheezing episodes during the first three years of life (less than three wheezing 

episodes per year for the loose API criteria and three or more wheezing episodes per year for the 

stringent API criteria) and one of two major criteria (doctor’s diagnosis of eczema or parental 

asthma) or two of three minor criteria (doctor’s diagnosis of allergic rhinitis, wheezing without colds 

or eosinophil count ≥ 4%). A positive stringent API score by age three years was associated with a 

77% chance of active asthma at age 6–13 years; children with a negative API score at age three years 

had less than a 3% chance of having active asthma during school age. 

Several other predictive models have subsequently been proposed, such as the modified API (mAPI) 

and the Prevention and Incidence of Asthma and Mite Allergy (PIAMA) risk score (88), but they have 

shown limited clinical relevance, and their applicability in other populations with different clinical as 

well as sociodemographic characteristics is uncertain (89-92). Modifications of the initial API, which 

resulted in the mAPI (93) and the University of Cincinnati Asthma Predictive Index (ucAPI) (94), 

included parental history of physician-diagnosed asthma as a major criterion by which to identify 

children at high risk of asthma development.  
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The PIAMA study, which used data from 2,171 children with wheeze in the Netherlands, showed 

that male sex, post-term delivery, parental education, parental inhaled medication, wheezing 

frequency, wheezing/dyspnoea apart from colds, respiratory tract infections and eczema were 

predictors for asthma at age seven and eight years.  In 2003, Kurukulaaratchy et al. (95) used data 

from 1,456 children in the Isle of Wight birth cohort to develop a predictive model based on family 

history of asthma, recurrent chest infections in the second year of life, atopic sensitisation at four 

years of age and absence of recurrent nasal symptoms in the first year of life. Those factors were 

associated with an increased risk of wheezing episodes at age 10 years. Matricardi et al. (96), in the 

German birth cohort Multicentre Allergy Study (MAS), which followed 441 children with wheezing 

before age three years, reported that parental atopy (including asthma, hay fever and atopic 

dermatitis) was an independent predictor of their child’s wheezing at age 11–13 years. Vial Dupuy 

et al. (97), in a cohort of 200 infants less than two years of age with recurrent wheezing, reported 

that family history of asthma, eczema and sensitisation to common food and/or aeroallergens were 

predictors of persistent asthma at age six years. van der Mark et al. (98), in 438 children aged one to 

five years who attended primary care for recurrent coughing, wheezing and shortness of breath, 

identified family history of asthma, allergy and sensitisation to aeroallergens as predictors of asthma 

at age six years. 

1.3.2 Model generalizability 

Those predictive models differ mainly in terms of candidate predictors tested, target populations  

and age at outcome assessment, all of which affect the predictive performance and make 

comparisons between them difficult. The differences between them call into question whether they 

can be used successfully in other populations and emphasise the need to test them in different 

populations to give clinicians the confidence that they are both generalisable and clinically useful for 

prediction. These predictive models would need to be tested not only in populations different from 

those used to develop them, but also against each other in the same populations. 
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Most existing asthma predictive models, including the ones discussed above, were developed using 

frequentist statistical methods and were internally validated; that is,  the same datasets were used 

both to develop the predictive model and to assess its performance, leading to potentially biased 

predictions and limiting the generalisability of the results in other populations (99, 100). Application 

of advanced statistical techniques to develop predictive models and use of large longitudinal 

samples have been limited in this field and may improve the accuracy as well as performance of 

asthma prediction models. 

1.4 Theoretical basis of predictive models 

Predictive models are statistical methods used in different fields, such as finance, education, 

medicine and law, to assist a decision-making process by predicting future outcomes (events) based 

on the characteristics of the data (101). Once a model is developed, it should be validated using 

independent data to evaluate its predictive accuracy. In medicine, predictive models can be used to 

predict the probability that a subject with a given set of predictors will develop a particular health 

outcome. To be useful in clinical practice, such models should predict the clinical outcome accurately 

and be relatively easy to use (102). The analytic process for developing clinical prediction models can 

be summarised by two main stages: 1) model development and 2) model validation. 

1.4.1 Development 

1.4.1.1 Scoring system based on univariable analysis 

One simple method for developing a predictive model uses the results that are derived from a 

univariable analysis. For this method, associations between candidate predictors and a clinical 

outcome are determined by univariable statistical tests, such as the Student t-test, chi-square test 

or Fisher’s exact test. Predictors that are associated significantly with the outcome are included in 

the final predictive model. Examples of this method are the API index (87) and mAPI (93). 

Although this analysis can be performed with statistical techniques that are comprehensible by 

clinicians and accessible using basic statistical packages, this method has one main limitation. When 

only univariable analysis is performed, factors that are not associated independently with the 
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outcome and possibly related to one another can still be included in the final model, thereby 

reducing predictive accuracy (103).  

1.4.1.2 Predictive models based on multivariable regression analysis 

Multivariable analysis within a classical or Bayesian framework can be used to develop a predictive 

model. Linear, logistic or Cox regression techniques can be applied depending on the nature of the 

outcome (e.g., continuous or binary variable) and the aim of the research (102, 104, 105). This type 

of analysis resolves the limitation that are encountered when univariable analysis is used as the basis 

of a predictive model. Multivariable techniques allow for inclusion of a number of candidate 

predictors in the model leading to an improved assessment of the association of each independent 

candidate predictor with the clinical outcome. Most predictive models have been developed using 

this technique (88, 95, 96, 106-108). 

In the case of binary outcomes, where logistic regression is used, the relationship between a 

predictive factor and the outcome is expressed by an odds ratio, a measure of effect that is used 

frequently in the medical literature and is relatively easy to interpret. By using a simple logistic 

equation, this method calculates the individualised probability that each subject will experience the 

outcome of interest. Inclusion of predictors that do not improve the predictive performance makes  

the model overly complicated and difficult to apply in clinical practice; hence, unnecessary variables 

should be removed for a more efficient predictive model. Deciding which predictor(s) to remove can 

be done by using clinical knowledge or statistical methods. Common statistical methods to perform 

variable selection include forward, backward and stepwise regression (102, 105).  Although those 

methods are widely used, they have many disadvantages. For example, when the number of subjects 

is small and the outcome prevalence is low compared to the number of predictors included, the 

selection is unstable, the estimates of regression coefficients can be extreme and the performance 

of the predictive model tends to be overestimated. To overcome those issues, regularisation 

methods have been suggested, as they perform variable selection and estimate regression 

coefficients simultaneously, thereby improving accuracy and predictive performance (105, 107-110). 

Details on some of these methods are reported in Chapter 5 (Comparison of statistical methods for 

the prediction of asthma at 15–20 years, paragraph 5.2.1). 
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Although multivariable analysis based on regression is a powerful and widely used tool to develop 

prediction models, it is not without disadvantages. Specifically, independent variables may interact 

with one another. Although an investigator can search for such interactions, if many independent 

variables are being evaluated, an evaluation of all two-way interactions is at the very least tedious, 

and a comprehensive evaluation of higher-order interactions is all but impossible. Also, in using 

logistic regression, assumptions are made about the linear relationships between the dependent 

and independent variables, where in some cases this type of relationship does not exist. Researchers 

can investigate whether nonlinear relationships are present and, if so, whether transformations can 

resolve the nonlinearities. This work is time-consuming, and there may be instances in which 

complex nonlinear relationships cannot be modeled appropriately. In these instances, other 

methods that are more capable of assessing nonlinear relationships among variables may provide 

more accurate predictions. 

1.4.1.3 Predictive models not based on multivariable regression analysis 

Predictive models that do not use multivariable regression analysis, such as Machine Learning 

algorithms, are gaining in popularity as an alternative approach for prediction and classification 

problems. These methods include classification trees, random forests, artificial neural networks, 

support vector machines, and other algorithms. These methods have been used sporadically for 

clinical prediction for some time (111), but the growing availability of increasingly large, voluminous, 

and rich databases have increased interest in exploiting them(112). Notably, these methods have 

not been used widely in asthma prediction. 

Machine Learning methods overcome some limitations of regression analysis as they can account 

for nonlinear relationships of independent variables with one another and with the dependent 

variable. These methods have this capability because they do not rely on the assumption of linear 

relationships that are inherent in regression analyses. Correspondingly, they free investigators from 

the tedious and sometimes unsuccessful search for these relationships and theoretically optimize 

the predictive accuracy of models when such relationships are present. However, this theoretic 

advantage, which allows one to determine otherwise indiscernible data patterns, is a prominent 

disadvantage for clinical translation. Although logistic regression equations and related scoring 



 

 17 

systems can sometimes be tedious to use, they nevertheless can be written explicitly and 

disseminated easily.  

1.4.2 Validation 

The predictive performance of a model is evaluated using independent data that have structural and 

population characteristics similar to those of the data from which the model was developed (99, 105, 

110). Predictive performance can be evaluated using internal or external validation. A common 

internal validation approach consists of splitting a dataset into two parts: one part is used to develop 

the model and the other to measure its performance (110). Other internal validation methods have 

been developed. A variation of the split-sample method is the k-fold cross-validation approach. The 

data are partitioned into k equally sized subsets (109, 113). First, k-1 subsets are used to develop the 

predictive model, and the remaining subset is used to evaluate its predictive ability. This approach 

is repeated k times, and results are averaged to produce individual estimates of regression 

coefficients and standard errors. Further details on validation techniques are reported in Chapter 5 

(Comparison of statistical methods for the prediction of asthma at 15–20 years). 

Whereas internal validation addresses the stability as well as replicability of the selected predictors 

and the results, external validation refers to generalisability of findings to similar populations. 

External validation is considered a stronger assessment of a predictive model than internal validation 

and requires an assessment of the applicability of a predictive model in independent samples with 

subjects from different but similar populations that were not used to develop the model. 

There are several standard performance measures by which to evaluate and capture different 

aspects of predictive models. They can be distinguished into calibration and discrimination measures 

(102, 105, 114). Calibration measures refer to the agreement between observed and predicted 

values; commonly used methods include the calibration plot and the Hosmer-Lemeshow goodness-

of-fit test. Discrimination measures refer to the ability of a model to distinguish between subjects 

with and without the outcome of interest. The most popular discriminative measures are sensitivity, 

specificity, positive and negative predictive values and the area under the receiver operating 

characteristic (ROC) curve (105, 114, 115)  additional details on  performance measures and their 
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interpretation are reported in Chapter 5 (Comparison of statistical methods for the prediction of 

asthma at 15–20 years).  

1.5 Aims and thesis overview 

Current asthma prediction models were developed to characterize preschool children who are 

at risk of asthma at school age, while there are no models designed to predict asthma in 

adolescence and young adulthood. In addition, the majority of asthma predictive models used 

in early childhood were developed using frequentist statistical methods and internal validation 

techniques, leading to poor generalisability of results in external populations. As a result the 

aims of this thesis are as follows: 

1. to review externally validated asthma predictive models together with the original 

development studies and explore their predictors, definitions of target outcome, statistical 

methods and predictive abilities (Chapter 2); 

2. to describe the Ashford birth cohort and to design a paper/online survey to collect 

information at 20 years of follow-up (Chapter 3); 

3. to annotate the Ashford information collected over 14 years and to harmonise information 

from five asthma UK cohorts (Chapter 4); 

4. to develop a statistical model that predicts asthma between ages 15 and 20 years by using 

information gathered in early childhood (birth to five years) and to investigate several 

statistical techniques, including stepwise logistic regression, two regularisation logistic 

models developed in a frequentist framework, least absolute shrinkage and selection 

operator (LASSO) and elastic net (EN), as well as empirical Bayes and Bayesian regularization 

methods, in order to determine which statistical method provides the best predictive 

performance (Chapter 5); 

5. to explore whether prediction of asthma between 15 and 20 years can be improved by the 

inclusion of additional information collected in mid-childhood (five to 10 years) (Chapter 6).  

The layout of the chapters of the thesis is as follows. In Chapter 2, I systematically review studies 

that undertook external validation of existing predictive models of asthma in later childhood and 

adolescence, alongside the studies in which the models were originally developed. In Chapter 3, I 
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introduce the Asthma in Ashford birth cohort study and describe the methods used to develop an 

online and paper survey for its latest follow-up, in which participants, now aged 20 years, completed 

a questionnaire detailing asthma-related symptoms and risk factors. Findings, including comparison 

of respondents and non-respondents, children with and without asthma and response rates from 

paper- and web-based questionnaires are presented.  

In 2013, the Ashford cohort joined the Study Team for Early Life Asthma Research (STELAR) 

consortium (116) together with four other UK asthma birth cohorts based in Bristol, Isle of Wight, 

Manchester and Aberdeen. In Chapter 4, the harmonisation procedure among the five STELAR 

cohorts is described, and details about the coding of variables and their definitions are provided. 

Information collected at comparable ages over 10 years across the UK cohorts is harmonised to 

define candidate predictors tested in my predictive models, and data from the Ashford cohort of 

study subjects now aged 20 years and data collected by the other STELAR cohorts at a comparable 

age are used to define asthma in adolescence. In Chapter 5, I explain the process of developing 

predictive models by using the statistical techniques mentioned above, along with external 

validation procedures, and I identify which statistical method works best to identify predictors of 

asthma between 15 and 20 years. For this purpose, only information collected by age five years is 

included in the predictive models, and the harmonised STELAR data are split into two parts; the 

ALSPAC and Ashford studies are used to develop the predictive models, and the remaining three 

cohorts are used to externally assess the predictive ability of the models developed. The analysis 

presented in Chapter 5 was performed in a subgroup of STELAR children (‘high-risk population’) 

whose parents reported that they had wheezing episode(s) between the ages of two and five years. 

In Chapter 6, I use only the best statistical method identified in Chapter 5 to examine whether 

prediction can be improved by adding extra information collected from ages five to 10 years, 

including respiratory symptoms and certain clinical measures.  The analyses presented in Chapter 6 

were performed not only in the high-risk population defined in Chapter 5 (i.e. children with wheezing 

symptoms at preschool age) but also in the full STELAR population, which includes all children 

recruited at birth among the cohorts (i.e. ‘general population’). Finally, in Chapter 7, the clinical 

implications of my findings, strengths and limitations of the thesis, along with opportunities for 

future studies are discussed. 
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2 Chapter 2 – Validation of 
childhood asthma 
predictive models: a 
systematic review 

Wheeze, cough, shortness of breath and chest tightness are cardinal symptoms of asthma. Wheeze 

tends to start in early life, often disappears during school age, and occasionally recurs later in life; in 

some children symptoms persist throughout childhood into early adulthood (1, 117). In clinical 

practice, accurate models for the early identification of children at high risk of late asthma would 

facilitate patient-physician communication based on information that is more objective. Physicians 

would be able to inform individuals of their risk of developing asthma later in life and to notify 

patients and their caregivers whether further testing and/or treatment are advisable (102, 118-120). 

The early exclusion of risk of asthma later in life could help prevent unnecessary tests and over-

treatment and could also reduce costs (83, 84).  

Models that predict disease are clinically valuable when they accurately assess the risk of developing 

the condition in the future and when they have an impact on clinical decision-making, patient 

outcomes and health costs (102, 104, 119-124). In medical research, predictive models can be used 

to screen and stratify patients for experimental studies, based on their risk of developing the health 

outcome of interest (104, 118, 121). Such models have clinical utility not only when they can 

distinguish patients with and without the disease with high accuracy, but also when their 

performance is reproducible across different populations and clinical settings (104, 121, 122, 125).  
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It is necessary to test and validate predictive models in external studies, using different populations 

with comparable characteristics and similar clinical settings, as this enables researchers to quantify 

their predictive ability and assess their generalizability (99, 104, 119, 126-128). The appropriate 

specification of the target population for external validation is crucial for assessing the validity and 

clinical utility of predictive models. The importance of validation has been demonstrated many times 

in different fields of medical research (129, 130), and significant reductions in the predictive ability 

of a model when applied to a new dataset have been reported consistently (130). Despite this, only 

a few asthma studies validated their models in different populations and settings; methods for 

internal, or apparent, validation are commonly used, but such approaches can lead to over-

optimistic results (99, 104, 110, 122). 

Many prediction models have been proposed to forecast the development of asthma in children in 

the general population (87, 107, 108, 131, 132) and in high-risk groups (88, 89, 94, 98, 106, 133, 134), 

but their predictive performance, clinical usefulness and reproducibility in external populations are 

limited, making them difficult to use in clinical practice and/or research (85, 86). Despite the lack of 

validation and uncertainty of predictive performance in different populations, the U.S. National 

Asthma Education and Prevention Program Expert Panel Report 3 (EPR-3) recommends the use of 

the modified asthma predictive index (mAPI) (135). In contrast, two recent comprehensive 

systematic reviews (85, 86) concluded that none of the existing models can robustly predict or rule 

out asthma. Those reviews focused on model development studies, without exploring the reliability 

and usefulness of the predictive models in different populations and clinical settings. In the current 

study, we focused on validation studies together with the original development studies, and we 

assessed their statistical methods, predictive abilities and clinical usefulness in children from both 

general and high-risk populations.  This work has been published in Clinical and Experimental Allergy 

Journal (CEA) (136). 
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2.1 Methods 

2.1.1 Search Strategy 

In this review, I focus only on studies that externally validated existing asthma predictive models, 

alongside the studies in which they were originally developed. My methods were based on the 

CHecklist for critical Appraisal and data extraction for systematic Reviews of prediction Modelling 

Studies (CHARMS) (137) and the Preferred Reporting Items for Systematic reviews and Meta-

Analyses (PRISMA) statements (138). The protocol was registered on PROSPERO (CRD42016035727), 

an international database of prospectively registered systematic reviews in health and social care. 

Registration enables investigators to identify ongoing and unpublished reviews that address their 

topic of interest; this helps to avoid unintended duplication. The main features from the review 

protocol were recorded and approved as a permanent record. 

On 11 July 2017, I performed an electronic search of two databases, MEDLINE and EMBASE, using 

both free text and MESH terms. The search strategy was established initially for the MEDLINE 

database (Ovid interface) based on papers published from 1946 to the first week of July 2017. First, 

a list of words related to asthma was defined, and appropriate truncation and wildcards were used 

to find all related terms. The spelling of all the search terms and the number of records identified 

were checked to monitor the quality and validity of the search. Then, the keyword ‘asthma’ was 

adopted to map the related MESH terms. Finally, keywords and MESH terms were combined by using 

the Boolean operator ‘OR’. A similar approach was used for the predictive part; several keywords 

with wildcards were used to identify relevant records that contained terms such as ‘predictive score’, 

‘predictive model’ and ‘predictive performance’. MESH terms for this part of the search were not 

available. The two blocks of the search were combined by an ‘AND’ logical operator, and then 

limitations to humans, children (0 to 18 years) and English language were applied. The search 

strategy from MEDLINE was then adapted for the EMBASE database, and the search findings from 

the two databases were integrated. Details of the search strategy for both MEDLINE and EMBASE 

are reported in Figure A.1 and Figure A.1. 

In addition, further studies were traced through cross-checking of reference lists from identified 

relevant papers. Studies of all designs were included only when they (i) investigated the prediction 
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of asthma in external validation studies and in the original studies that had developed the validated 

models; (ii) performed outcome assessment in children between the ages of 6 and 18; (iii) tested at 

least three candidate predictors in the model development; (iv) evaluated at least one performance 

measure, including overall accuracy, discrimination and calibration measures; (v) were written in 

English.  

I excluded non-original studies, such as letters, editorials and conference papers. Overall, more than 

900 papers were identified as potentially eligible; they were screened for eligibility based on title, 

abstract and full text when necessary, by two independent reviewers (SC and DM). The reason for 

exclusion was recorded. A flow diagram of the selection process is shown in Figure 2.1; it describes 

the selection of studies, including the number of records identified from different sources, the 

number of studies excluded from the initial screening and the reasons for exclusion. 
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Figure 2.1: Flow diagram of the systematic review on asthma prediction   
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Additional records identified 

through other sources: 15 

Duplicate records 

removed: 330 

Total records screened: 631 Records excluded: 543 

Full-text articles 

assessed for eligibility: 

88 

Full-text articles excluded, with 

reasons: 

 Conference abstracts: 18 
 Not related to prediction: 15 
 Not relevant to asthma: 25 
 Not reported any performance 

measures reported: 13 
 Not externally validated: 9 Studies included in the 

systematic review: 8 



 

 26 

2.1.2 Data extraction 

Data extraction was performed in duplicate by two reviewers (SC and DM) using a form (Figure A.3) 

developed in accordance with the CHARMS checklist (137). A wide range of information was 

extracted from each study in order to assess the validity of the study and the accuracy of the 

predictive model. This information included details of the target study population (such as country 

and ethnicity); study design; sample size at recruitment and year of recruitment; participants’ 

eligibility and enrolment method; participants’ characteristics at baseline and follow -up; definition 

of asthma; count of asthma events at each assessment to enable comparison across studies and to 

evaluate the risk of ‘overfitting’, which occurs when the number of predictors is too high relative to 

the sample size; number and description of candidate predictors, with details of their definitions and 

the way they are modelled in the analysis; amount of missing data reported in both outcomes and 

predictors and method(s) used to handle them; selection method for identifying final predictors and 

type of model used for disease prediction; model accuracy at each asthma assessment and 

performance indicators, such as sensitivity, specificity, calibration and classification measurements; 

methods used for internal and/or external validation; interpretation of findings, discussion of 

assumptions underlying the statistical methods used and comparison with findings and methods in 

previous studies. The reviewers resolved any discrepancies through discussion with the other two 

authors (CM and PC) until consensus was reached. I extracted performance measures and calculated 

predictive values and likelihood ratios, if they were not reported. 
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2.2 Results 

2.2.1 Target Population 

Studies that aimed to identify children who will have asthma in later life could be grouped into the 

following two categories: a) studies of the general population [with two studies recruiting 

participants at birth (87, 108) and four studying generally healthy children recruited through 

healthcare practices, schools or local registries (91, 107, 131, 139)]; and b) studies of children at high 

risk of late asthma [with two studies recruiting infants born to allergic parents (89, 94), eight  studies 

of symptomatic children recruited at healthcare practices or schools (88, 90-92, 98, 106, 133, 140) 

and a single study looking at children attending hospital with asthma symptoms] (134). 

In total, only three prediction models were externally validated and therefore considered in this 

review: 1) the API (87), which was validated in two studies (90, 139); 2) the Prevention and Incidence 

of Asthma and Mite Allergy (PIAMA) tool (88), which was validated in one study (91), with another 

study assessing the predictive capabilities of both API and PIAMA (92); and 3) a simple asthma 

prediction model developed by Pescatore et al. (108), which was validated in one study (140). We 

reviewed these three development studies (87, 88, 108) (Table 2.1) and the five validation studies 

(90-92, 139, 140) (Table 2.2). The API was the only tool developed in a general population, but the 

validation of the main characteristics of those studies occurred in populations with widely different 

sample sizes, from a minimum of 130 participants (92) to more than 3,000 children (139). Study 

populations included cohorts from the UK (108, 139), central Europe and Scandinavia (88, 90, 91, 

140), USA  and South America (92). The prevalence of asthma at outcome assessment varied from 

5.8% (91) to 66.7% (92). 
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Table 2.1: Characteristics of development studies included in the systematic review 

Target 
population 

ID Country 
Study name 
(recruitment 
year) 

Inclusion criteria 

Sample 
size  
(% of those 
eligible) 

Prediction 
rule 

Age at 
outcome 
assessment 
(years) 

Asthma 
prevalence 
at 
outcome 
 n (%) 

G
en

er
a

l  Castro-
Rodriguez 
2000  

USA 

The Tucson 
Children's 
Respiratory 
Study (TCRS)  
(1980-1984) 

Healthy new-born 
babies recruited in 
primary healthcare 
practices 

1,246 (78) 
Stringent 
API and 
Loose API 

6 112 (11) 

8 113 (14) 

11 150 (16) 
13 122 (17.5) 

6-13 250 (35) 

H
ig

h
-r

is
k 

 

Caudri  
2009  

The 
Netherlands 

PIAMA 
 (1996-1997) 

Children with asthma-
like symptoms at age 
1-4 years 

2,171 (55) PIAMA 7-8 362 (16.7) 

Pescatore 
2014  

UK 

Leicestershire 
Respiratory 
Cohort Studies  
(1993-1997) 

Children aged 1 to 3 
years with parent-
reported wheeze or 
chronic cough 

2,444 (36) Risk score 6-8 345 (28.1) 

1 
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Table 2.2: Characteristics of validation studies included in the systematic review 

Target 
population 

ID Country 
Study name 
(recruitment 
year) 

Inclusion 
criteria 

Sample 
size  
(% of 
those 
eligible) 

Prediction 
rule 

Age at 
outcome 
assessment 
(years) 

Asthma 
prevalence 
at 
outcome 
 n (%) 

G
en

er
a

l p
op

u
la

ti
on

 

Leonardi 2011 UK 
Leicester 
Respiratory 
Cohort (1998) 

Children, 
between 0-4 
years, 
registered in 
local child 
health 
database 

3392 
(79) 

Stringent 
API and 
Loose API 

7 220 (11.5) 

10 147 (10.5) 

H
ig

h
-r

is
k 

po
p

u
la

ti
o

n 

Devulapalli 
2008 

Norway 

Environment 
and Childhood 
Asthma study 
(NA) 

Bronchial 
obstruction 
by age 2  

612 
(NR) 

Stringent 
API and 
Loose API 

10 
239 
(52.07) 

Rodriguez-
Martinez 2011 

Colombia 
NR (2006-
2007) 

Parent- 
reported 
wheezing 

130 
(NR) 

Stringent 
API and 
Loose API 

5-6 
33 (35.5) 

PIAMA 66 (53.6) 

Hafkamp-de 
Groen 2013 

The 
Netherlands 

Generation R 
(2002-2006) 

≥1 positive 
response to 
wheeze at 1 
year 

2877 
(73) 

PIAMA 6 168 (5.8) 

Grabenhenrich 
2014 

Germany 

The German 
Multicentre 
Allergy Study 
(MAS-90) 
(1990) 

Children with 
wheezing or 
cough in in 
the previous 
12 months at 
the age of 
3years 

140 
(17) 

Risk score 8 28 (20) 

Abbreviation - NR: not reported. 
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2.2.2 Predictors 

Castro-Rodriguez et al. (87) used information from two- and three year old children to develop two 

prediction models (the ‘loose’ and ‘stringent’ versions of the API) to predict asthma at school age. In 

general, a positive API score requires recurrent wheezing episodes during the first three years of life 

(fewer than three wheezing episodes per year for the loose API and three or more wheezing episodes 

per year for the stringent API) and one of two major criteria (doctor’s diagnosis of eczema or parental 

asthma) or two of three minor criteria (doctor’s diagnosis of allergic rhinitis, wheezing without colds 

or eosinophil count ≥ 4%; Table 2.3)  

Caudri et al. (88) developed a clinical risk score for preschool children with wheeze or cough to 

predict asthma at age seven to eight years. They tested a total of 26 candidate predictors assessed 

between the age of zero and four years, including family history of allergic diseases (six variables), 

perinatal information (eight variables), environmental factors (four variables), and the child's pattern 

of symptoms (eight variables). These variables were selected based on published literature as well 

as availability and were considered to be easy to collect in clinical practice. Only eight variables were 

significantly associated with asthma between the age of seven and eight years and therefore 

included in the final predictive model (Table 2.3 and Table A.1); the top five predictors were 

frequency of wheezing, eczema, history of parental asthma, wheezing without colds and post-term 

delivery. 

Similarly, Pescatore’s risk score (108) tested 24 candidate predictors identified through the literature 

and considered to be readily available in primary care. Candidate predictors were collected in the 

first three years of life and included demographic (three variables) and perinatal information (two 

variables), eczema, upper and lower respiratory tract symptoms, triggers and severity of wheeze (17 

variables) and family history of allergic diseases (two variables). Only 10 predictors were associated 

with asthma between the age of six and eight years and therefore included in the final predictive 

model (Table 2.3 and Table A.1); the most important predictors were shortness of breath, frequent 

wheeze, wheeze without colds, activity disturbance by wheeze and wheeze/cough triggered by 

exercise. 
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In total, 16 different candidate predictors were used to develop the models. All models included a 

history of self-reported or doctor-diagnosed eczema, the presence of wheeze not associated with 

colds and a measure of the frequency of early wheezing. Other variables included sex (88, 108), age 

(87, 108), allergic rhinitis and self-reported or doctor-diagnosed parental asthma or allergies (87, 

108). The full list of predictors included in the development models is available in  Table 2.3. Although 

a wide variety of predictors was tested, no studies examined the same combination. Aside from 

blood eosinophilia (87), other potential objective measurements (e.g. total and specific 

immunoglobulin E [IgE] levels, etc.) were not considered. Diagnosis of asthma and asthma treatment 

in the past 12 months, were not examined as potential candidate predictors, as they are deemed to 

be too closely linked to the presence of asthma later in life and would lead to overestimates of the 

predictive performance of the models. Environmental exposures, such as crowding (defined as 

density of people in the household), indoor pollution and pets in the house, which are potentially 

associated with asthma development (141), were not included in the models assessed.  
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Table 2.3: Candidate predictors explored among development studies included in the systematic 
review  

Candidate predictor 
Castro-Rodriguez 2000 
(API)   

Caudri 2009  
(PIAMA)  

Pescatore 2014 

Sex  ✔ ✔ 
Age   ✔ 
Post-term delivery  ✔  

Parental education  ✔  

Parental inhalation medication  ✔  

Wheezing frequency ✔* ✔ ✔ 
Wheezing apart from colds ✔ ✔ ✔ 
Infections  ✔  

Eczema  ✔ ✔ ✔ 
Parental asthma ✔  ✔ 
Allergic rhinitis ✔   

Eosinophilia (≥4%) ✔   

Activity disturbance   ✔ 
Shortness of breath   ✔ 
Exercise-related 

wheeze/cough 
  ✔ 

Aeroallergen-related 
wheeze/cough 

  ✔ 

*Wheezing frequency for stringent API only.  

The estimated odds ratio of the predictors included in the final model were reported for both PIAMA 

(88) and Pescatore’s risk scores (108), but confidence intervals were only reported for PIAMA. For 

the API score, Castro-Rodriguez et al. (87) did not report odd ratios (Table A.1). The predictors found 

to be significantly associated with asthma later in life and included in the three predictive models 

are reported in Table A.1. The methodological heterogeneity of the development studies, such as 

differences in the set of predictors tested and variability in their definitions, did not allow me to 

compare estimates and perform a meta-analysis. 

2.2.3 Outcome definition 

Among the development studies, there was considerable heterogeneity in the way researchers 

defined the outcome (Table 2.4). The most commonly used criterion was wheezing in the previous 

12 months. To define asthma for the API, Castro-Rodriguez and co-authors used a combination of 

doctor-diagnosed asthma and at least one wheezing episode in the past 12 months, or three or more 
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episodes of wheeze regardless of a doctor’s diagnosis (87). In the PIAMA study, Caudri et al. defined 

childhood asthma at age of outcome assessment based on any of the following: at least one 

wheezing episode in the past 12 months, doctor diagnosis of asthma or asthma medication between 

the ages of seven and eight years (88). The risk score developed by Pescatore et al. defined asthma 

as a combination of wheezing and asthma medication in the past 12 months (108). None of the 

development studies used objective measurements (e.g. lung function tests) to assess asthma. 

Although some validation studies (92, 140) defined outcomes using the same criteria as in the 

development study, others modified them. To validate the API, one study increased the required 

number of wheezing episodes in the preceding 12 months from three to four (139), while another 

study (90) used a different combination of criteria (Table 2.4). Hafkamp-de Groen et al. did not have 

data on asthma medication at the age of outcome assessment and validated the PIAMA index using 

the definition of asthma from Leonardi et al. (91, 139). 

The age at outcome assessment varied across the development studies, with the API providing 

asthma prediction from six and up to 13 years (87), while other models examined the outcome only 

up to age eight years (88, 108). The validation studies assessed asthma at an age that was one or 

two years different from the age in the development studies. 
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Table 2.4: Outcome definition across studies 

Source of 
study 

Target 
populatio
n 

ID 
 
Prediction 
rule 

Age at 
outcome 
assessme
nt (years) 

Asthma 
symptoms 
in the past 
12 monthsc 

Current 
wheeze
b 

DD
A 

Current 
asthma 
medication
s 

Other 

D
ev

el
o

p
m

en
t General  

Castro-Rodriguez  
2000   

API 
6, 8, 11, 
13 

- 
✔ 

✔ - 

≥3 episodes 
of wheezing 
in the past 12 
months 

High risk  

Caudri  
2009   

PIAMA 7–8 - ✔ ✔ ✔  

Pescatore  
2014   

Risk Score 6–8 - ✔ - ✔  

V
al

id
at

io
n 

General  Leonardi 2011  API 7 and 10 - ✔ ✔ - 

≥4 episodes 
of wheezing 
in the past 12 
months 

High risk  Devulapalli 2008  API 10 ✔ ✔ ✔ ✔ 
Positive 
exercise test 

 

Rodriguez-Martinez 
2011   

API/ 
PIAMA 

5–6 - ✔ ✔ ✔ 

≥3 episodes 
of wheezing 
in the past 12 
months 

Hafkamp-de Groen  
2013  

PIAMA 6 - ✔ ✔ - 

≥4 episodes 
of wheezing 
in the past 12 
months 

Grabenhenrich 
2014  

Risk Score 8 - ✔ - ✔  

Abbreviations: DDA: doctor’s diagnosis of asthma. a✔ = part of the asthma definition; dash = not included in the asthma definition 
bCurrent wheeze is defined as wheezing or whistling in the chest in the past 12 months. cAsthma symptoms in the past 12 months is defined as wheezing 
apart from colds or cough or chest tightness. Castro-Rodriguez 2000: current wheeze (at least one episode of wheeze) and DDA or ≥3 episodes of wheezing 
in the past 12 months regardless of DDA; Caudri 2009: current wheeze (at least one episode of wheeze) or DDA or current asthma medications; Pescatore 
2014: current wheeze and current asthma medications; Leonardi 2011: current wheeze and DDA or ≥4 episodes of wheezing in the past 12 months regardless 
of DDA; Devulapalli 2008: at least two of the following three criteria: dyspnoea, chest tightness and/or wheezing from 0 to 3 years and/or at 4-10 years of 
age or DDA or use of asthma medication at 0–3 years and/or 4–10 years of age and one of the following criteria: dyspnoea, chest tightness and/or wheezing 
in the past 12 months or use of asthma medication in the past 12 months or positive exercise test; Rodriguez-Martinez 2011: current wheeze and DDA or  ≥3 
episodes of wheezing in the past 12 months regardless of DDA (for API) / current wheeze or DDA or current asthma. 
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2.2.4 Statistical modelling and predictive performance  

Statistical approaches used to develop the predictive models in the original studies included logistic 

regression analysis and the chi-square test to compare proportions, as well as more advanced 

penalised regression methods. Details of the statistical methods are reported in Table A.2.  

In summary, the API classified children as being at low or high risk of having asthma in later childhood 

based on clinical knowledge and then compared proportions of those two groups of children using 

a simple statistical test, such as the chi-square test. Caudri et al. (88) used a two-step approach, with 

step one being predictor selection based on univariate analysis followed by multivariable logistic 

regression, which included statistically significant predictors from the first step. Pescatore et al. (108) 

used a penalized regression method; thus, pre-selection of predictors was not necessary because 

this method performs variable selection and estimation of regression coefficients simultaneously. 

Two of the development studies internally validated their predictive models; Pescatore et al. used a 

leave-one-out cross-validation approach (88, 108), while Caudri et al. used a more advanced method 

(bootstrapping). The maximum proportion of missing data for any potential predictor variables was 

reported in the PIAMA (<2%) and Pescatore’s risk score (≤5.8%), whereas the API reported 19.6% of 

missing information for the major/minor criteria used. Of the three development studies, only Caudri 

et al. (88) provided information on the method used to handle missing data, and they presented the 

results from multiple imputation using Multivariate Imputation by Chained Equations (MICE;  see 

Table A.2).  

In the development and validation studies, the reporting of performance measures varied (Table 

A.3). The discriminative ability measured by the area under the ROC curve (AUC) was reported in 

five studies [two development (88, 108) and three validation studies (91, 139, 140)] and ranged from 

0.63 to 0.83. In general, predictive models with high sensitivity had lower specificity, and 

discrimination measures were better in studies in high-risk groups with higher prevalence of 

outcome, compared to those in the general population. Likelihood ratios are an additional measure 

of predictive performance and indicate the probability that a subject will or will not develop the 

condition, given the results of a predictive model. Overall, likelihood ratios were not reported in the 

development studies; only two validation studies calculated them but without providing their 
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confidence intervals (92, 140). While I could calculate the likelihood ratios for all studies, I could not 

calculate their confidence intervals (no data reported on standard error), which limits the possibility 

of comparing them. 

The models with higher positive likelihood ratios (a better ability to predict asthmatic children) also 

had higher negative likelihood ratios. Positive likelihood ratios varied between 1.07 and 7.43, and 

negative likelihood ratios varied between 0.26 and 0.88. The highest likelihood ratios were reported 

in the stringent API development study (87).  

The performance of the models varied by age at outcome assessment (Figure 2.2, Figure 2.3, Figure 

2.4 and Table A.3). The stringent and loose versions of the API used in the validation studies showed 

higher sensitivity than in the original study. The highest values were reported in studies carried out 

in a high-risk population, but similar or lower specificity was found in the external validation studies 

at all age groups. All externally validated studies of the API reported much wider confidence intervals 

for the performance measurements than in the development study (Figure 2.2, Figure 2.3 and Table 

A.3).  

 

Figure 2.2: Performance measures of API applied to children age five to eight years  
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Figure 2.3: Performance measures of API applied to children age 10-11 years 

The PIAMA index has been externally validated in two studies, with only one providing most 

performance measures. The original PIAMA study (88) showed slightly higher sensitivity and positive 

likelihood ratio, similar specificity and much lower positive predictive value at the age of seven to 

eight years compared with the study reported by Rodriguez-Martinez et al., which assessed children 

at age five to six years (92) (Figure 2.4 and Table A.3).   
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Figure 2.4: Performance measures of the PIAMA and Pescatore’s risk score 

A predictive score developed by Pescatore et al. (108) was validated in a single study (140), which 

showed, for children age eight years, higher sensitivity, positive likelihood ratio and AUC with a 

similar specificity and lower positive predictive value than the development study, which assessed 

childhood asthma between the ages of six and eight years (Figure 2.4 and Table A.3). 
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2.2.5 Risk of bias assessment 

The risk of bias (Table A.4) was assessed using the CHARMS checklist (137), with previously reported 

criteria (86). The risk of participant selection bias was low in all studies but one (92). The risk of bias 

for predictors and outcome assessment was low in all development and validation studies. Loss to 

follow up resulted in a moderate attrition in seven of eight studies; the risk of attrition bias was high 

in the study by Rodriguez-Martinez and co-authors (92), as loss to follow up was higher than 20%, 

and differences on key characteristics between participants and those who were lost to follow up 

were not fully described. Four studies provided relevant aspects of the analysis resulting in a low risk 

of analysis bias (88, 108, 139, 140), and the other four had a moderate risk of such bias (87, 90-92). 

2.3 Discussion 

The predictive models included in this systematic review showed limited accuracy in forecasting 

persistent wheeze and asthma at school age. Thus, they have limited clinical usefulness in practice, 

but other prediction models could be validated in the future. Among all available asthma-predictive 

models, only the API (87), PIAMA (88) and the Leicester model (108) have been externally validated.  

Overall, I showed a discrepancy between the original and validated models in predictive 

performance, especially when the model was developed in a general population but validated in a 

high-risk group. The validation studies tended to report higher sensitivities, lower specificities and 

lower predictive values than the original studies. These results suggest that when predictive models 

are applied in external validation studies, they have a greater ability to identify children who will 

develop asthma compared to predictive models established in development studies; however, they 

also have a propensity to produce prediction errors in forecasting the condition in children whose 

symptoms will not endure. Because predictive values depend on the prevalence of the condition, 

models developed in high-risk populations have higher positive predictive value than those 

developed in general population studies.  

Leonardi et al. (139), Devulapalli et al. (90) and Rodriguez-Martinez et al. (92) focused on external 

validation of the API but in different geographic regions, target populations and clinical settings. The 

performance of the stringent API in all age groups varies significantly between validation studies, 

which makes meaningful comparison difficult. This probably reflects the initial population selection, 
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as the stringent version includes only children with early frequent wheeze. In contrast, the loose 

version of the API seems to be more reproducible, showing better ability to predict asthma but 

performing slightly worse in ruling out disease in the external validation studies in all age groups. 

The positive predictive value of both versions of the API varies among studies, highlighting the 

importance of defining the population based on early wheezing symptoms, as well as the 

dependency between this performance measure and disease prevalence. 

The variation in the predictive performance between development and validation studies can be 

explained by artefactual and clinical mechanisms (142). Artefactual mechanisms refer to 

performance variability arising from flaws in the design and execution of the validation studies; these 

flaws include misspecification of target population in terms of inclusion criteria for participant 

enrolment, poor data reporting, application of inappropriate statistical analysis and the lack of a 

standardised definition of asthma (143). The use of questionnaires to establish asthma diagnosis is 

an important drawback of the included predictive models. It may lead to overdiagnosis of asthma, 

as a single episode of wheeze per annum reported by parents without any supportive clinical 

information might not be appropriate to diagnose asthma accurately. Recent data show that asthma 

is often overdiagnosed, even in clinical settings (144), with parent-reported histories of cough and 

wheeze being the main reasons behind inaccurate diagnosis. This suggests that questionnaire data 

have limited reliability for asthma definition, highlighting the importance of objective measurements 

and potentially explaining the difference in asthma prevalence in the studies assessed. Objective 

measurements, such as reversible airflow limitation, raised FeNO and IgE levels, were not used to 

characterize asthma at school age in either the development or the validation studies.  

Possible clinical mechanisms include case-mix variation (145-147), which is a special instance of the 

spectrum effect. The spectrum effect refers to the variation in sensitivity, specificity and accuracy 

among different populations and subgroups (148-150), whereas case-mix variation refers to 

differences, between development and validation studies, in clinical settings, subject characteristics, 

subject age at outcome assessment, outcome prevalence and/or incidence (145). In particular, the 

greater the difference between the characteristics of the development and validation populations, 

the higher the discrepancy in predictive performance, and the poorer the generalisability of findings.    
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Sensitivity, specificity and likelihood ratios are generally used as benchmarks for comparing model 

performance, as they are thought to be independent of the prevalence of the outcome (151-153), 

whereas predictive values vary with the prevalence of the disease. However, several studies have 

shown that sensitivity and specificity, together with likelihood ratios, might also vary with disease 

prevalence (143, 154, 155). Disease prevalence is often predetermined by inclusion criteria, target 

population specifications and outcome definitions; for example, when individuals are selected based 

on their symptoms and risk profile (a ‘high-risk’ population), the prevalence is higher than in the 

general population (e.g. the Tucson Children's Respiratory Study is a general population and, as 

expected, the prevalence of asthma is lower than that in the high-risk validation studies from Norway 

and Colombia). Although it is important to assess the predictive performance of a model in a new 

sample of individuals, from different locations and clinical settings, the validation cohort should be 

homogeneous with that of the development study in order to reduce variation in performance, to 

facilitate comparison among between models and to establish the generalisability of the results. 

Differences in age at outcome assessment can also lead to case-mix variation and change in 

predictive performance. Prediction is usually challenging, and predictive performance might be 

limited when the outcome is assessed in the future using information collected earl ier in life. Most 

studies of childhood asthma prediction aimed to develop and validate models to predict the 

occurrence of asthma between six and 10 years of age by using predictors collected at age three to 

five years, making prediction potentially relatively simple and reliable. The validation studies that 

assessed asthma at ages similar to those of their development counterparts had comparable results, 

but no studies aimed to develop and externally validate asthma predictive models after age 13 years.  

At present, asthma is considered an umbrella term (156) unifying different conditions that share 

common clinical features, such as cough and wheeze, shortness of breath and bronchial obstruction 

(157). Although distinct wheezing and asthma endotypes have been  proposed, existing guidelines 

based on clinical symptoms and predictive models still assume a single disease (16). This discrepancy 

might partially explain the inaccuracy of asthma prediction. Future work should consider endotypes 

to a larger extent in the development of predictive models.  
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Another important issue that potentially affects predictive performance is individual genetic 

predisposition to disease development. This important factor was not taken into account in the 

studies included in this systematic review. With more genome-wide association studies (GWAS) 

being conducted, genetic variants that predispose individuals to asthma (158) have been discovered; 

for example, a recent meta-analysis of GWAS reported seven genetic risk loci (HLA-DQ, IL33, 

ORMDL3/GSDMB, IL1RL1/IL18R1, IL2RB, SMAD3 and TSLP) for asthma (13, 74). Considering these 

genetic factors in the development of future predictive models may lead to improved predictive 

performance. However, this information is currently rarely available at a clinical visit, and its 

inclusion would limit the routine use of a predictive model in clinical practice. 

To better assess the accuracy of existing asthma-prediction models, future research should collect 

information by using well-standardised questionnaires and clinical tests, to allow for better 

harmonisation of predictor and outcome definitions. Collaborative international, multicentre efforts 

would provide opportunities to increase sample size and to develop predictive models using data 

from subsets of studies and then validate them in the remaining ones. More studies performed in 

general and high-risk populations in parallel will allow for meaningful evaluation of model 

performance. Clinical tests, including lung function tests, skin-prick tests, allergen-specific IgE, 

fractional exhaled nitric oxide (FeNO) and bronchodilator response, could also be used to increase 

the capability of a predictive models to correctly identify children at high risk of asthma in 

adolescence. Moreover, external validation study populations should be carefully selected to have 

characteristics similar to those of the study populations from which the predictive models were 

developed, in order to have low heterogeneity within subpopulations.  

2.4 Conclusion 

This systematic review evaluates the performance of externally validated predictive models for 

childhood asthma. This topic is of high importance to practicing physicians, as many parents want to 

know the probability that their child will develop asthma, as well as to researchers, because 

screening is crucial to establish future experimental and epidemiological studies.  

The number of validated instruments is limited, and they provide poor predictive accuracy, with 

most performance variation in sensitivity and positive predictive value. Variation in predictive 
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performance between development and validated asthma models can be explained by artefactual 

and clinical mechanisms, such as differences in recruitment criteria, definitions of the target 

population, age at outcome assessment, prevalence of the condition, as well as differences in data 

collection methods due to different surveys administrated and/or a misinterpretation of respiratory 

condition by parents and/or doctor and overuse of inhaled steroid medications.  

Better predictive ability can be achieved by studying general and high-risk groups in parallel in the 

same study, to assess an instrument’s predictive performance in full. The asthma predictive models 

that have not been externally validated should be evaluated to ensure their reliability. Larger cohorts 

are needed so that more predictors can be included in the models so that more advanced statistical 

methods can be used. More work on standardisation of predictors and outcome assessment needs 

to be done. Until such work is completed, currently available asthma prediction models cannot be 

recommended for use in clinical practice and research studies.  
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3 Chapter 3 – Asthma in 
Ashford: a 20-year follow-
up 

The Ashford study is a prospective birth cohort study that recruited pregnant women who gave birth 

to 642 infants in Ashford, Kent between 1992 and 1993 (159) (Figure 3.1). Specifically, all newly 

pregnant women attending an antenatal visit to one of three general practitioner surgeries in 

Ashford were approached to participate. Overall, 710 women were invited, and 658 (93%) enrolled 

in the study. In the intervening period, a series of follow-up surveys identified children who had 

developed allergic and other wheezing disorders. Questionnaires were administered to the mothers 

during pregnancy, and then annually around their child's birthday. Environmental measurements 

were collected from the babies' homes soon after birth. Additional environmental data were 

collected at each annual visit, along with health information, such as wheezing and other respiratory 

symptoms, other allergies and family history (including skin prick tests for the parents). A total of 

499 children (approximately 80% of the original cohort) provided data at the last follow-up, at age 

14 years. 

 
Figure 3.1: Children of the Ashford cohort 
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In 2013, the Ashford cohort joined the Study Team for Early Life Asthma Research (STELAR) 

consortium (116) together with four other UK asthma birth cohorts (ALSPAC, Isle of Wight, MAAS 

and the Study of Eczema and Asthma To Observe the influence of Nutrition [SEATON]) (95, 160-164). 

In March 2015, a new follow-up study using a short, self-completed, paper or web questionnaire was 

planned to collect information from the Ashford cohort children, then aged 20 years. The new survey 

collected data from childhood to adolescence that would be comparable across the five STELAR 

asthma birth cohorts. Similar follow-ups were planned for the other birth cohorts, and the 

information collected was incorporated and harmonised with that collected in earlier surveys of each 

study population; details on the harmonized information can be found in Chapter 4 (Data sources, 

paragraph 4.3). Information from the subjects in the Ashford cohort (at age of 20 years) as well as 

data collected among the STELAR cohorts at a similar age is used to define asthma in adolescence 

(between 15 and 20 years of age) as an outcome for predictive models; details on this are reported 

in Chapter 5 (Comparison of statistical methods for the prediction of asthma at 15–20 years) and 

Chapter 6 (Further investigations using the Bayesian model).  

The design of the new survey was based on the International Study of Asthma and Allergies in 

Childhood (ISAAC) questionnaire (165-168), which was established to standardize asthma and 

allergic disease information collated in epidemiological studies, as well as questionnaires 

administered in the other UK birth cohorts during the intervening period. This survey design and 

development process allowed me to create a survey consistent with the other UK asthma cohorts 

and to assess the content validity as well as internal consistency of the Ashford survey. 

The response rates of epidemiologic studies have declined in the past 30 years (169, 170), a trend 

that is more evident in recent years (171-173). A low response rate reduces the sample size and can 

result in inconsistency between respondents and non-respondents in terms of characteristics 

measured. Consequently, there is a risk of bias in estimates due to differences between people who 

responded to the survey and those who did not, leading to non-representative results of the study 

population. As non-response bias can affect the interpretation of results, the use of methods that 

maximise the response rate is very important (174). I used both paper- and web-based questionnaire 

formats in order to increase the response rate and to limit non-response bias. The paper 
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questionnaire has been the most popular epidemiological method to collect information from 

research studies so far, but the increasing use of the Internet has made web-based surveys more 

accessible, particularly to young people. Online methods have lower cost (175-178), which can be 

important in large population studies, but response rates have been reported to be lower for web-

based questionnaires than for paper-based methods (179-181). 

The main differences between web-based and paper questionnaires are their cost, their 

presentation and the speediness of obtaining responses. Web-based questionnaires have numerous 

advantages, including the creation of a tailored question path through the questionnaire that varies 

based on a respondent’s previous answers, inexpensive emails and reminders to participants, 

standardized and validated responses, and data can be gathered quickly from a large number of 

respondents and downloaded to a spreadsheet for easy processing and analysis (182-184). None of 

those is possible for paper questionnaires. However, web questionnaires have issues concerning 

their difficulty to use by people who lack computer expertise and differences between monitors and 

browsers such that questions might be visualized and presented differently from one participant to 

another (182-184). These problems could impact the response rate and introduce bias. 

This chapter describes the aims of the Ashford birth cohort study, its structure and the characteristics 

of the study population, with a brief description of exposure measurements collected over the years 

since its inception, in particular the methods used to collect information when the children were 20 

years of age. Statistical analyses compared the differences between respondents and non-

respondents as well as children with and without asthma at age 20 years in terms of observable 

characteristics. Finally, I calculated the proportion of subjects who completed the paper- versus web-

based questionnaires and compared their characteristics. 

3.1 Methods 

3.1.1 The Ashford study 

An online questionnaire was developed using Qualtrics (https://imperial.eu.qualtrics.com), a 

protected online survey system offered by Imperial College. The survey (Figure B.1) focused on 

questions related to asthma and its impact on daily life; it included four main sections:    
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 Personal information providing an overview of general characteristics of the 

participants  

 Home environment, including questions about the presence of mould, condensation 

and pets in the home 

 Health questions on wheezing, asthma, skin problems, treatments and triggers 

 Smoking and leisure activities  

Before conducting the survey, the questionnaire was pilot tested to identify and amend problematic 

items related to its content, wording, format, length and instructions. Designing and piloting 

questionnaires is a complex and time-consuming process, but the quality of the information 

collected is determined by the quality of the questionnaire (185, 186). Therefore, a draft of the 

questionnaire was first sent to colleagues for comments, and the survey was then piloted on a small 

sample of people (n=10) who have characteristics similar to those of the target population in terms 

of age, sex, ethnicity and education. Decisions were made based on their comments, including 

enlarging the number of specific questions; improving the language and wording to make the 

questions less abstract, more precise and simpler; changing the logical position of some items and 

adding question-skip logic, which directs respondents through customised paths. Since this research 

proposal involved human participants, I submitted to the Head of Department and the Imperial 

College Research Ethics Committee (ICREC) an application form along with all supporting 

documentation, such as the protocol, sample letter to possible participants (Figure B.2), the paper 

questionnaire (Figure B.1), participant information sheet and consent form. They reviewed and 

approved the study, as no ethical issues were found (http://www.imperial.ac.uk/research-ethics-

committee/).  

Families’ details, such as home address and postal code, were collated from 489 children who had 

participated in the previous follow-up; only about 350 children’s parents had provided an e-mail 

address. Therefore, once ethical approval had been obtained, the paper questionnaire was sent to 

the 489 children, and the web-based questionnaire was sent to the 350 parents who gave their 

consent to be contacted via email; the parents were asked to invite their (cohort) children to 

complete the online questionnaire. Moreover, personalised web links were added to the paper 

questionnaires, so that all participants had the option to complete the questionnaire using either 

http://www.imperial.ac.uk/research-ethics-committee/
http://www.imperial.ac.uk/research-ethics-committee/
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format. As an incentive for completing and returning the survey, five £50 prizes were offered on the 

basis of a lottery among respondents.  

The questionnaires were first dispatched in late February 2015; the response rate was about 25%. 

In order to engage more participants, up to two reminders were sent. First and second reminders 

were sent in May and July 2015, respectively. Of the 489 eligible participants, 72 (15%) proved 

impossible to trace. Of the 417 remaining participants, 245 (60%) returned completed 

questionnaires. The average cost of the paper questionnaire and its delivery was about £10 per 

subject (including cost of envelopes, stamps, papers, cartridge for printing questionnaires and 

invitation letters and returned envelopes) compared to the minimal cost of the online questionnaire.  

Data collected were entered and checked for input errors using the EpiData Manager software. 

EpiData is Windows-based public domain software that provides instruments for database design, 

validation and data entry; this software allows information to be entered in a simple text form and 

then converts it into a database. I created an EpiData project to define the data structure and added 

metadata (labels and definitions) to control variable levels by using restrictions on values, range and 

filtered questions. A random sample of the data (20%) was double-entered in order to identify typing 

errors. Data were subsequently exported for quantitative analysis. 

3.1.2 Statistical analysis 

This section describes a simple statistical analysis of the Ashford follow-up data at age 20 years. 

Reported analyses are based on data from 245 respondents and 172 non-respondents, defined as 

subjects whom I believe received the questionnaire but did not return it.  

The primary aim of these analyses is to evaluate non-response bias that occurs when non-

respondents differ from respondents in observable characteristics for which information is available 

(sample selection bias). In order to identify features that were independently associated with 

participation in the follow-up survey, a multivariable logistic regression analysis was performed to 

estimate the effect of each explanatory variable on response, while controlling for the other 

variables in the model. 
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The secondary aim is to compare differences between subjects with and without asthma at age 20 

years, including their socio-demographic characteristics, indoor and outdoor environmental 

exposures, respiratory symptoms, general health conditions and leisure activities. A multivariable 

logistic regression was performed to identify characteristics that were associated with asthma at age 

20 years, while controlling for the other variables. 

The third aim is to assess the response rates for paper- and web-based questionnaires and to 

compare sociodemographic characteristics and general health conditions of participants who used 

a paper questionnaire versus those who used a web-based questionnaire. 

The administered questionnaires (web-based and paper), as well as detailed definitions of variables 

based on questions asked to study participants, are reported in the appendix (Figure B.1). 

Continuous outcomes were summarised by using their median values (with interquartile ranges), as 

the distribution of such variables was non-normal. Comparisons of continuous variables in the two 

groups were performed using the Mann-Whitney U test for non-normal variables. Categorical 

variables were summarised using frequencies and percentages. Differences in categorical variables 

between outcomes were analysed using the chi-square test or Fisher’s exact test, whichever was 

appropriate. Odd ratios (ORs) together with 95% confidence intervals and p-values for comparison 

between groups for each outcome were reported, and statistical significance was evaluated using a 

two-sided significance threshold of 0.05.  

3.2 Results 

3.2.1 Differences between respondents and non-respondents 

Respondents and non-respondents were similar with regard to most sociodemographic factors and 

asthma-related symptoms at age 14 years, but they differed significantly in terms of sex and doctor’s 

diagnosis of asthma at any time. The proportions of females and subjects who had not had a doctor’s  

diagnosis of asthma or wheezing in the past 12 months were greater among respondents compared 

to non-respondents (Table 3.1). Specifically, the odds ratio of being a respondent for this follow-up 

study was 0.55 (95% confidence interval 0.37 to 0.81) for males compared to females, and 0.58 (95% 
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confidence interval 0.36 to 0.94) for participants who had a doctor’s diagnosis of asthma compared 

to those who never had this diagnosis.  

Table 3.1: Characteristics of subjects at age 14 years by participation status in the 20-year follow-up 

Variable 

Non-respondent  Respondent   

N = 172 N = 245    

n (%) n (%) ORa (95%CIb) P-valuec 

Sex (Male) 103 (59.9) 110 (44.9) 0.55 (0.37,0.81) 0.004 

Ethnicity (Caucasian VS Others) 161 (93.6) 235 (95.9) 0.97 (0.16,5.89) >0.99 

Wheezing in the past 12 months 28 (16.3) 32 (13.1) 0.77 (0.45,1.34) 0.435 

Itchy rash in the past 12 months 47 (27.3) 67 (27.4) 1.00 (0.65,1.55) >0.99 

Ever diagnosed with asthma 44 (25.6) 41 (16.7) 0.58 (0.36,0.94) 0.037 

Ever diagnosed with hayfever 57 (33.1) 92 (37.6) 1.21 (0.81,1.83) 0.411 

Ever diagnosed with eczema 58 (33.7) 99 (40.4) 1.33 (0.89,2.00) 0.205 
aOdds ratio (OR) of participation (response) for each explanatory variable.  
b95% confidence interval.  

cP-values obtained by chi-square test or Fisher’s exact test. In bold, statistically significant p-values (p<0.05). 

Similar to this unadjusted analysis, the multiple regression model showed an association 

between responsiveness and sex as well as doctor’s diagnosis of asthma at any time (Table 

3.2). 

Table 3.2: Results from the multiple logistic regression analysis on participation at age 20 years 

Variable ORa (95%CIb) P-valuec 

Sex (Male) 0.59 (0.39,0.89) 0.012 

Ethnicity (Caucasian VS Others) 0.90 (0.14,5.78) 0.913 

Wheezing in the last 12 months 1.04 (0.52,2.09) 0.903 

Itchy rush in the last 12 months 0.80 (0.47,1.35) 0.400 

Ever diagnosed with asthma 0.53 (0.29,0.98) 0.042 

Ever diagnosed with hayfever 1.46 (0.92,2.33) 0.111 

Ever diagnosed with eczema 1.56 (0.96,2.54) 0.074 
aOdds ratio (OR) of participation (response) for each explanatory variable.  
b95% confidence interval.  

cP-values obtained by chi-square test or Fisher’s exact test. In bold, statistically significant p-values (p<0.05). 
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3.2.2 Definition of active asthma at age 20 years 

Subjects at age 20 years were considered to have active asthma if they had two or more positive 

answers to the following items: a) at least one episode of wheezing in the past 12 months; b) current 

asthma treatment prescribed by a doctor; and c) a doctor’s diagnosis of asthma at any time.  

Overall, 34 (13.9%) respondents who reported symptoms, use of asthma medication or both at age 

20 years were thus defined as having active asthma (Table 3.3). Most subjects had a previous 

doctor’s diagnosis of asthma (20.8%), 19.6% of subjects reported current wheezing symptoms, and 

only 24 subjects (10%) reported use of medication. 

Table 3.3: Prevalence of features of asthma at the age of 20 years 

 Wheezing at 
least once 

Asthma treatment 
Doctor's diagnosis 

of asthma 
Asthma (positive 

on ≥2 items) 

Age 

(years) 
No. %  No. %  No. %  No. % 

20 48 19.6  24 10.0  51 20.8  34 13.9 

3.2.3 Differences between asthmatics and non-asthmatics at the age of 

20 years  

Respondents with and without asthma did not differ significantly in terms of sociodemographic 

characteristics. Respondents with asthma were more likely to be smokers and have their own 

children, but the differences were not statistically significant (Table 3.4). A weak association was 

found for employment status; the odds of having asthma at 20 years is three times higher in 

respondents who have a part-time job compared to those who work full time, although the 

confidence interval was wide, ranging from 1.16 to 8.05. 
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Table 3.4: Characteristics of the study population by presence of asthma at age 20 years 

Variable 

Non-asthma  Asthma   

N = 211 N = 34   

n (%) or  

median (IQR) 

n (%) or  

median (IQR) 
ORa (95%CIb) P-valuec 

Sex (Male) 94 (44.6) 16 (47.1) 1.11 (0.54,2.29) 0.919 

Ethnicity (Caucasian VS Others) 202 (95.7)  33 (97.1) 0.33 (0.03,3.71) 0.372 

Education    0.762 

Full-time education 97 (46.0) 15 (44.1) Reference  

Part-time education 11 (5.2) 2 (5.9) 1.62 (0.31,8.35)  

Not in any education 103 (48.8) 17 (50.0) 1.07 (0.51,2.25)  

Paid job    0.065 

Full-time paid work 84 (40.0) 7 (20.6) Reference  

Part-time paid work 56 (26.3) 14 (41.2) 3.05 (1.16,8.05)  

Not working in a paid job 71 (33.7) 12 (35.3) 2.03 (0.76,5.43)  

Own children 6 (2.8) 2 (5.9) 0.48 (0.09,2.47) 0.314 

Smoking in the past 30 days 42 (20.0) 9 (26.5) 1.50 (0.65,3.47) 0.469 
aOdds ratio (OR) of asthma for each explanatory variable.  

 b95% confidence interval.  
 cP-values obtained by chi-square test or Fisher’s exact test and Mann-Whitney U test. There were no statistically 
significant p-values (p<0.05).  

Table 3.5 shows that a significantly higher proportion of respondents with asthma at age 20 years 

had episodes of dry cough at night and medical diagnosis of hayfever or eczema, compared to those 

without asthma. The odds of having asthma at age 20 years was 4.95 (95% confidence interval 1.96–

12.48) times greater in respondents reporting hayfever, 8.13 (3.67–18.02) times higher in 

respondents reporting dry cough at night without a cold and 2.42 (1.15–5.11) times higher in 

respondents who had a doctor’s diagnosis of eczema compared to those who never had these 

conditions. 
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Table 3.5: Respiratory and other symptoms by presence of asthma at age 20 years  

Variable 

Non-asthma  Asthma    

N = 211 N = 34   

n (%)  n (%)  ORa (95%CIb) P-valuec 

Itchy rash in the past 12 months 63 (29.9) 15 (44.1) 1.93 (0.92,4.07) 0.122 

Ever diagnosed with hayfever 100 (47.4) 27 (79.4) 4.95 (1.96,12.48) <0.001 

Dry cough at night without a cold 27 (12.8) 18 (52.9) 8.13 (3.67,18.02) <0.001 

Ever diagnosed with eczema 75 (35.5) 19 (55.9) 2.42 (1.15,5.11) 0.029 

Food allergy 24 (11.4) 5 (14.7) 1.38 (0.49,3.90) 0.564 
aOdds ratio (OR) of asthma for each explanatory variable.  

 b95% confidence interval.  
cP-values obtained by chi-square test or Fisher’s exact test. In bold, statistically significant p-values (p<0.05). 

Table 3.6 shows no statistically insignificant associations between environmental factors and asthma 

at age 20 years. A significantly greater proportion of respondents with asthma reported physical 

health and limitation of social activities (Table 3.7). The odds of having asthma at age 20 years was 

3.37 (95% confidence interval 1.43–7.93) times greater in respondents reporting physical health and 

limitation of social activities compared to those who never had these conditions. 

Table 3.6: Indoor and outdoor environmental risk factors by presence of asthma at age 20 years 

Variable 

Non-asthma Asthma   

N = 211 N = 34   

n (%) or  

median (IQR) 

n (%) or  

median (IQR) 
ORa (95%CIb) P-valuec 

Problem with damp or condensation 59 (28.0) 7 (20.6) 0.73 (0.30,1.78) 0.626 

Problem with mould 54 (25.6) 7 (20.6) 0.87 (0.35,2.14) 0.931 

Pets at home 143 (67.8) 19 (55.9) 0.59 (0.28,1.24) 0.229 

Traffic on the road live (Not heavy 

traffic VS Heavy traffic) 
170 (80.6) 23 (67.7) 0.55 (0.25,1.26) 0.231 

Number of people living in the 
household 

4 (2) 4 (1) 1.02 (0.79,1.31) 0.399 

Years in your house 15 (13) 13 (13.8) 0.98 (0.94,1.03) 0.660 
aOdds ratio (OR) of asthma for each explanatory variable.  

 b95% confidence interval.  
 cP-values obtained by chi-square test or Fisher’s exact test and Mann-Whitney U test. There were no statistically 
significant p-values (p<0.05).  
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Table 3.7: Health and physical activity by presence of asthma at age 20 years  

Variable 

Non-asthma Asthma   

N = 211 N = 34   

n (%) n (%) ORa (95%CIb) P-valuec 

General health    0.005 

Excellent 52 (24.7) 2 (5.9) Reference  

Very Good 87 (41.2) 10 (29.4) 2.99 (0.63,14.17)  

Good 49 (23.2) 17 (50.0) 9.02 (1.98,41.07)  

Fair or Poor 23 (10.9) 5 (14.7) 3.90 (0.61,25.09)  

Physical health interfered 

with social activities 
24 (11.4) 5 (14.7) 3.37 (1.43,7.93) 0.005 

Frequency of exercise    0.358 

Daily 75 (35.5) 7 (20.6) Reference  

Weekly 75 (35.5) 14 (41.2) 2.00 (0.76,5.23)  

Monthly 17 (8.1) 4 (11.8) 2.52 (0.66,9.59)  

Less than monthly 17 (8.1) 1 (2.9) 0.63 (0.07,5.47)  

Once or twice a year 11 (5.2) 3 (8.8) 2.92 (0.66,13.01)  

Never 13 (6.2) 3 (8.8) 2.47 (0.57,10.81)  
aOdds ratio (OR) of asthma for each explanatory variable.  

 b95% confidence interval.  
cP-values obtained by chi-square test or Fisher’s exact test. In bold, statistically significant p-values (p < 0.05).  

In the multiple logistic regression analysis, because the sample size was small compared to the 

number of variables I wanted to test, only variables with p-value ≤ 0.1 in the univariate analysis were 

considered. Results showed a relationship between asthma and respiratory symptoms, such as 

hayfever and dry cough at night without cold, as well as a strong association with physical health 

leading to limitation of social activities (Table 3.8). The odds of having asthma at age 20 years in 

respondents with a dry cough at night was 8.53 (95% confidence interval 3.14–23.20) times higher 

than those without the condition, while holding the other variables at fixed values. The odds of 

having asthma at age 20 years in respondents who had a doctor’s diagnosis of hayfever or difficulties 

with social activities was around 4.5 times higher than those who do not experience those 

conditions. Confidence intervals for these estimates are wide, suggesting high variability, due to the 

small sample size. 
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Table 3.8: Results from the multiple logistic regression analysis on asthma at age 20 years 

Variable ORa (95%CIb) P-valuec 

Paid job   

    Full-time paid work Reference  

    Part-time paid work 2.55 (0.76,8.54) 0.128 

    Not working in a paid job 1.21 (0.37,3.96) 0.752 

Ever diagnosed with hayfever 4.58 (1.43,14.59) 0.010 

Dry cough at night without cold 8.53 (3.14,23.20) <0.001 

Ever diagnosed with eczema 1.00 (0.38,2.59) >0.99 

General health   

     Excellent Reference  

     Very Good 1.50 (0.29,7.77) 0.630 

     Good 1.79 (0.33,9.90) 0.502 

     Fair or Poor 0.33 (0.03,3.50) 0.360 

Physical health interfered with social activities 4.54 (1.21,17.06) 0.025 
aOdds ratio (OR) of asthma for each explanatory variable.  

 b95% confidence interval.  
cP-values obtained by chi-square test or Fisher’s exact test. In bold, statistically significant p-values (p<0.05).  

3.2.4 Differences between paper and web questionnaire 

Overall, 89 subjects completed the questionnaire online (36.3%), while the remaining 156 preferred 

the paper questionnaire (63.7%). These two groups of respondents were similar with regard to socio-

demographic characteristics at age 20 years but differed significantly in terms of general health and 

completion methods. Respondents who used the online questionnaire were more likely to report 

general health issues, to be in full-time education and not working in a paid job and to have 

completed the questionnaire on their own, compared to respondents who used the paper 

questionnaire (Table 3.9). The strongest significant association showed that the odds of respondents 

completing the questionnaire on their own was 3.57 (95% confidence interval 1.43–8.91) times 

greater in subjects who used the online survey compared to those who filled out the paper survey.   
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Table 3.9: Characteristics of respondents at age 20 years by type of questionnaire 

Variable 

Online  Paper   

N = 89 N = 156   

n (%)  n (%)  ORa (95%CIb) P-valuec 

Sex (Male) 41 (46.1) 69 (44.2) 0.93 (0.55,1.57) 0.885 
Ethnicity (Caucasian VS Others) 82 (92.1) 153 (98.1) 3.73 (0.33,41.77) 0.285 
Education    0.082 

Full-time education 50 (56.2) 62 (39.7) Reference  
Part-time education 2 (2.2) 8 (5.1) 3.23 (0.66,15.88)  
Not in any education 37 (41.6) 83 (53.2) 1.81 (1.06,3.10)  

Paid job    0.157 
Full-time paid work 28 (31.5) 63 (40.4) Reference  

Part-time paid work 24 (27.0) 45 (28.8) 0.83 (0.43,1.62)  

Not working in a paid job 37 (41.5) 46 (29.5) 0.55 (0.30,1.03)  

General health    0.035 
Excellent 18 (20.2) 36 (23.1) Reference  

Very Good 27 (30.3) 70 (44.9) 1.30 (0.63,2.66)  

Good 34 (38.2) 32 (20.5) 0.47 (0.22,0.99)  

Fair or Poor 10 (11.3) 18 (11.5) 1.14 (0.40,3.28)  
Physical health interfered with social 
activities  

11 (12.4) 23 (14.7) 1.24 (0.58,2.69) 0.578 

General health compared to 5 years ago    0.296 
Much better 20 (22.5) 27 (17.3) Reference  

Much worse 25 (28.1) 35 (22.4) 1.04 (0.48,2.25)  

Has not changed 44 (49.4) 92 (59.0) 1.55 (0.78,3.06)  

Illness or disability 12 (13.5) 25 (16.0) 0.79 (0.38,1.67) 0.667 
Completion on your own 83 (93.3) 124 (79.5) 3.57 (1.43,8.91) 0.007 

aOdds ratio (OR) of asthma for each explanatory variable.  

 b95% confidence interval.  
cP-values obtained by chi-square test or Fisher’s exact test. In bold, statistically significant p-values (p < 0.05). 

3.3 Discussion 

The Ashford study is a follow-up study of locally representative children for whom information has 

now been collected throughout a 20-year study period. Cohort studies such as this, in which a group 

of people are followed prospectively over a period of time, are often employed in epidemiology in 

order to assess disease causation by adjusting for multiple risk factors that might be associated with 

the clinical outcome. They enable researchers to collect information on multiple health outcomes 

simultaneously, consider several risk factors as well as exposures at different time points, assess the 
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relationship between risk factors and the development of condition(s) and compute rates of disease 

in exposed and unexposed participants over time (187-189).  

However, the Ashford study is not representative of the whole UK child population, as mostly 

Caucasian children were recruited and followed-up, making the results difficult to reproduce in 

populations with different sociodemographic characteristics and clinical settings. Sample 

representativeness is crucial to ensure that the right mix of subjects included into the sample reflects 

the entire population and to produce findings that are generalisable to other countries and/or 

municipalities.  

In this chapter, I investigated non-response bias, tested the differences between respondents with 

and without active asthma and compared survey-completion methods (web- and paper-based 

questionnaires). The statistical analyses, both univariate and multivariate, showed that females and 

young adults without asthma and wheezing symptoms were more likely to return a completed 

questionnaire. As expected, the presence of asthma at age 20 years was strongly associated with 

respiratory symptoms, such as hayfever, eczema and dry cough at night without a cold. The data 

also suggested possible associations of asthma with smoking, exposure to air pollution or pet 

allergens, and with employment status, although most of these associations did not reach statistical 

significance. Subjects with asthma were less likely to work full time compared to those without 

asthma; this may be due to the general health issues that children with asthma experience. In fact, 

respondents with asthma reported more difficulties in daily activities, including social activities, as 

well as reduced frequency of exercise, compared to non-asthmatics.  

Different completion methods were used to increase the response rate and to limit non-response 

bias. The majority of responders (64%) completed a paper questionnaire; reasons for this may 

include lack of expertise in using electronic devices and differences in monitors or browsers leading 

to incorrect visualization of the questions. Sociodemographic characteristics, such as sex and 

ethnicity, were not associated with the type of questionnaire used. However, a higher proportion of 

respondents who completed the questionnaire online reported more severe health problems, and 

they were more likely to be in full-time education, be unemployed and complete the questionnaire 

on their own, when compared with those who used the paper-based questionnaire. 
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The information on wheezing symptoms and use of asthma medications in the past 12 months 

collected in this 20-year follow-up study will be used for future analysis in this thesis. This 

information is required to define asthma in adolescence (that is, age between 15 to 20 years) and to 

develop appropriate asthma prediction models; details of the prediction analyses are reported in 

Chapter 5 (Comparison of statistical methods for the prediction of asthma at 15–20 years) and 

Chapter 6 (Further investigations using the Bayesian model). 
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4 Chapter 4 – Data sources 

Recent commentaries have highlighted the importance of the collaborative use of information for 

next-generation research in epidemiology and public health (190, 191). Similar information is often 

available from multiple studies and other sources, and if it is to be integrated then it needs first to 

be combined. The harmonisation process consists of pooling similar information across different 

studies and sources to create a single, cohesive dataset that is used for statistical analyses. This 

process establishes the final form of the dataset and enables larger sample sizes that enhance both 

statistical power and generalisability to different populations (191-194). Although this process 

augments the quality of research and maximises its impact, managing and harmonising large 

datasets can be challenging and time consuming (195). Internet-based networking technologies as 

well as collaboration between researchers, including clinicians, statisticians, computer scientists, 

engineers and biologists, should ensure effective solutions to these issues and result in a step 

forward for future research. 

The main dataset used herein contained integrated information from the following five UK asthma 

cohorts in the Study Team for Early Life Asthma Research (STELAR) consortium (116): the Avon 

Longitudinal Study of Parents and Children (ALSPAC), the Ashford study, the Isle of Wight study 

(IoW), the Manchester Asthma and Allergy Study (MAAS) and the Study of Eczema and Asthma To 

Observe the influence of Nutrition (SEATON) (95, 160-164). These cohorts include children followed 

from birth to age 20 years in five areas of the UK, namely, Bristol (ALSPAC), Ashford (Kent), Isle of 

Wight (IoW), Manchester (MAAS) and Aberdeen (SEATON) – see section 4.1.1 for details. To facilitate 

the harmonisation process, data managers for each cohort provided comprehensive descriptions of 

their datasets and uploaded them to the Asthma e-Lab, an innovative platform developed to store 

information from the five cohorts (see section 4.1.2) (116). I then catalogued, annotated and 

uploaded information gathered in the Ashford study.  
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This process necessitated detailed specifications of the assembled information in order to achieve a 

high degree of comparability among the five cohorts (see section 4.2). Once the STELAR datasets 

were available in e-Lab, I identified compatible information from similar follow-up studies of the five 

cohorts (see section 4.3.1), and then downloaded, transformed (see section 4.3.2) as well as 

matched (see section 4.3.3) it to create the final harmonized STELAR dataset used for the statistical 

analyses reported in the following chapters.  

4.1 STELAR consortium 

In 2013, the Ashford cohort joined the STELAR consortium (116), a collaborative network of all UK 

birth cohorts studying asthma (Ashford, ALSPAC, IoW, MAAS, and SEATON) and the North West 

Institute for Bio-Health Informatics and Microsoft Research in Cambridge. The main aim of STELAR, 

which was supported by a Medical Research Council project grant, is to explore the natural transition 

of asthma from childhood to adulthood. Although similar collaborative studies have been done in 

the past, none has gathered so much clinical and environmental information from different 

longitudinal cohorts, the subjects of which are now at a similar age. All cohorts in the STELAR 

consortium investigated asthma and other allergic disorders, their development during childhood 

and their risk factors. Data collected included the following: 

 Questionnaires based on ISAAC and local protocols: parental occupation, history of allergic 

diseases in parents and siblings, smoking status and passive smoking, pets in the house, 

environmental factors, quality of life, allergies and respiratory symptoms, such as frequency 

of wheezing, cough and runny nose  

 Lung function tests: spirometry, methacholine challenge, bronchodilator and exercise 

responses  

 Clinical assessment: eczema, hayfever, anthropometric measurements, skin prick tests 

(sensitisation to mite, cat, dog, grass, tree, milk, egg, peanut) and IgE measurements 

 Biological samples: blood and saliva samples for DNA extraction 
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4.1.1 Study populations  

4.1.1.1 ALSPAC 

The Avon Longitudinal Study of Parents and Children (ALSPAC) birth cohort (163, 164) was designed 

to investigate the relationship between an individual’s genotype and environmental exposures on 

child (and parental) health and development. The study population was drawn from the part of the 

County of Avon that was within the South West Regional Health Authority; this area has a population 

of one million and includes the city of Bristol, a mixture of rural areas, suburbs and other moderate-

size towns. The study recruited pregnant women with an expected date of delivery between 1st April 

1991 and 31st December 1992 through antenatal clinics in the former County of Avon. In total, 

recruited women gave birth to 14,451 babies who have been followed up from birth to age 18 years. 

Questionnaires for the ALSPAC study were first designed and piloted on around 100 parents, and 

then the information collected was validated with family medical records and clinical examinations. 

Information was collected from early pregnancy using a variety of sources, including self-completion 

questionnaires to mothers, partners and their children; medical, educational and other records; 

environmental measurements in sub-samples of homes, including air pollutants magnetic radiation 

and noise; clinical visits; and biological samples from mothers, partners and study children. 

Assessments of children at age seven years included anthropometric measurements, such as weight; 

height; head, chest, waist and hip circumferences; clinical examination of the skin for eczema; 

serum-specific IgE and skin prick tests to common allergens. At age of eight and a half, study children 

underwent lung function tests to measure forced expiratory volume in one second (FEV1) as well as 

forced vital capacity (FVC) and methacholine bronchial challenge. Biological samples from mothers 

who gave consent and their children were collected and stored. Additionally, a blood sample and 

dietary diary were also collected at age seven years so that DNA could be banked and to provide 

information on genetic variation.  

4.1.1.2 Ashford 

The Ashford study (160) was designed specifically to assess the relationships between atopy and 

asthma and the intensity of allergen exposure during infancy. Ashford, Kent is 100 km southeast of 

London and 30 km from the coast; it is typical of medium-sized towns in the region, with a population 
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of approximately 80,000 people and employment mainly in light industry. This study recruited 

pregnant women at antenatal visits; they gave birth in Ashford to 642 children (95% of those eligible) 

between 1992 and 1993. When study children were age eight weeks, exposure measures were 

obtained, including concentrations of house dust mite and cat allergens in the dust from the living 

room. Questionnaires that enquired into wheezing symptoms in the past year, allergic diseases, 

respiratory, nasal as well as dermatological symptoms and environmental exposures, were 

administered to children’s mothers (in person) at the (child’s) ages of one, two, three, four, five and 

eight years. Study participants completed the questionnaires on their own at the ages of 14 and 20 

years. Additional information collected over the study period included history of parental and sibling 

allergies, cigarette smoking in the home, pet ownership and occupation. Peak expiratory flow (PEF) 

before and after exercise and salbutamol, and skin prick tests were performed at five, eight and 14 

years of age. Additionally, spirometry measures, such as FEV1 and FVC were performed at age 14 

years. Mouth swabs and blood samples were obtained at school age and stored for DNA extraction. 

Further details of the Ashford study are reported in Chapter 3 (Asthma in Ashford: a 20-year follow-

up study). 

4.1.1.3 Isle of Wight 

The Isle of Wight (IoW) (95) cohort was established to assess the prevalence of allergic sensitization 

and its clinical manifestations in an unselected population, to explore the natural history of allergic 

conditions, to define the heterogeneity of asthma and other allergic conditions across the life course, 

to identify risk factors for asthma and similar diseases and to investigate gene-environment 

interactions in the development of asthma and allergic conditions. The Isle of Wight has a total area 

of 147 square miles and is between two and five miles from the coast of Hampshire; it has a 

population of around 141,000. The Isle of Wight Health Authority and Local Research Ethics 

Committee approved and helped establish the cohort at recruitment and subsequently at each 

assessment. This study enrolled 1,509 women who gave birth to 1,536 children on the Isle of Wight 

during the recruitment period, between 1st January 1989 and 28th February 1990. Of these, informed 

consent was obtained for 1,456 children.  

https://en.wikipedia.org/wiki/Hampshire
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The study children were followed up on six different occasions over the course of 26 years, that is, 

at one, two, four, 10, 18 and 26 years; study children who participated or not in each follow-up study 

were compared for non-response bias. Self-completed or telephone questionnaires assessing 

information on asthma, allergic diseases, respiratory, nasal as well as dermatological symptoms and 

environmental exposures were completed by most study children or their parents at each clinical 

assessment. Mothers completed a questionnaire soon after the birth of her child, and at one, two 

and four years; children completed the questionnaire on their own from the age of 10 years. All 

participants were seen by a doctor or nurse for an assessment at four, 10, 18 and 26 years; these 

visits included a physical examination and skin prick tests with inhalant allergens and food allergens. 

The physical examination included height, weight, and signs of allergic diseases, such as wheeze and 

eczema. At ages 10, 18 and 26 years, spirometry and bronchial provocation tests were carried out, 

and blood and urine samples were collected. Lung function tests included FEV1, FVC and PEF. In 

addition, children with past or current wheezing were invited to perform a methacholine bronchial 

challenge. Blood samples were collected for measurement of total serum IgE and for IgE antibodies 

to common inhalant allergens at birth and then at ages 10 and 18 years. Blood samples were 

collected at age 18 years for 1,211 participants for genetic and epigenetic investigations. 

4.1.1.4 MAAS 

The Manchester Asthma and Allergy Study (MAAS) (162) study was designed to investigate the 

relationship between genetic and indoor environmental factors in the development of atopy, 

asthma and other allergic diseases. The study area comprised 50 square miles of urban and rural 

areas of South Manchester and Cheshire, United Kingdom, and the hospitals have a total of 8,000 

deliveries per annum. The study recruited women who reported a history of allergy and were in their 

8th to 10th week of pregnancy while attending antenatal visits in the area of Wythenshawe and at 

Stepping Hill Hospitals between October 1995 and July 1997. In total, MAAS recruited 1,184 infants 

who were followed up at one, three, five, eight, 11 and 16 years of age. Questionnaires used to 

collect demographic data, history of atopic disorder, respiratory symptoms, pet ownership and 

environmental exposures were completed by study children or their parents at each clinical 

assessment.  
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Parents completed questionnaires soon after the birth of their child, and at one, two, three, five and 

eight years of age, and questionnaires at the subsequent assessments were completed by the study 

participants. Further information on the environment, such as dust samples from the parental bed, 

neonate’s bed, bedroom floor, nursery floor, living room floor, and upholstered furniture were 

collected immediately after birth and then at six months and one year; these samples were analysed 

for allergen and endotoxin content. At ages five, eight and 11 years, lung function tests, including 

FEV1 and FVC, were performed. At age five years, airway reactivity was assessed by means of a 

eucapnic voluntary hyperventilation challenge, and at ages eight and 11 years, study participants 

also performed a methacholine bronchial challenge. Atopic sensitization was assessed at five years 

by skin prick testing with most common inhalants and food allergens. Allergen-specific IgE, IgG and 

IgG4 were measured at age five years. Biological samples, including serum and plasma, were stored 

over several time points, and whole-genome genotyping using the Illumina 610 QUAD chip was 

completed on 935 children.  

4.1.1.5 SEATON 

The Study of Eczema and Asthma To Observe the effects of Nutrition (SEATON) (161) was established 

to investigate the effect of maternal diet during pregnancy on the development of asthma and other 

allergic conditions, such as eczema and hayfever, in her child. This study recruited 2,000 pregnant 

women during their 12th week of gestation while attending their first antenatal clinical appointment 

at Aberdeen Maternity Hospital between 1997 and 1999. The Aberdeen Maternity Hospital provides 

obstetric care for the population of the Grampian region. A total of 5,490 pregnant women enroled. 

Approval for the study was obtained from the Grampian Research Ethics Committee, and all mothers 

provided written informed consent. This study included a total of 1,924 children who were followed 

up at six months and at one, two, five, 10 and 15 years by postal questionnaire; parents completed 

the questionnaire soon after birth of their child and until the study child was 10  years old. The 

questionnaires were used to obtain information on sociodemographic characteristics; respiratory 

symptoms, such as wheeze, breathlessness, rhinitis, doctor’s diagnosed asthma, eczema or hayfever; 

history of parental allergies; number of other children in the house; household pets and infant 

antibiotic use.  
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At the ages of five, 10 and 15 years, study children were invited to the hospital for a clinical 

assessment that included spirometry, skin prick testing to common allergens (cat, timothy grass, egg 

and house dust mite), serum-specific IgE, measurement of exhaled nitric oxide and methacholine 

bronchial challenge Spirometry measures included FEV1, FVC and PEF. Biological samples for DNA 

extraction were obtained for 626 children.  

Table 4.1: Characteristics of the STELAR cohorts 

Study name City/County  
Recruitment 
period 

Sample 
size 

Study child’s age at 
last follow-up (years) 

Avon Longitudinal 
Study of Parents  
and Children 
(ALSPAC) 

  

14,451 

 

Bristol 1991–1992 24 

   

Ashford Ashford 1992–1993 642 20 

Isle of Wight (IoW) Isle of Wight 1989–1990    1,456 26 

Manchester Asthma 
and Allergy Study 
(MAAS) 

Manchester 1995–1997 1,184 16 

Study of Eczema and 
Asthma To Observe 
the effects of 
Nutrition (SEATON) 

Aberdeen 1997–1999 1,924 15 
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4.1.2 Asthma e-Lab 

To maximise the efficiency of the collaboration, STELAR created an innovative scientific online 

platform (Asthma e-Lab; www.asthmaelab.org) to provide support for description, storage and 

harmonisation of information from the five UK asthma birth cohorts and to share computational and 

statistical methods, analytic codes and manuscripts across them (116). The STELAR cohorts were 

required to share/upload questionnaires, research protocols, consent forms and standard operating 

procedures together with ethical and legal documents to the Asthma e-Lab coordinating group. As 

a result, a collaborative dialogue between a broad range of researchers, including clinicians, 

statisticians, computer scientists and geneticists, was developed through this web-based platform. 

Characteristics of participating cohorts were documented and stored in the Asthma e-Lab; these 

characteristics included general study design, number of participants, participant characteristics, 

recruitment methods and number and type of biological samples collected. Cataloguing such 

information helped reveal the not only sample sizes available for specific analyses but also the level 

of heterogeneity across study designs. 

The Asthma e-Lab is available via the internet, but access to its functions and stored information is 

strictly controlled and depends on the user’s level of permission, which reflects the tasks the user is 

expected to carry out. For example, an administrative staff member is unlikely to need to export 

information from the e-Lab so permission to do that is not given. Authenticated researchers are able 

to view information and download datasets, but they cannot change information stored in the e-Lab 

unless they are also a representative of a study who is authorised to carry out data management 

tasks. The authorised and named data managers are allowed to edit annotations only for the study 

they represent but not for other cohorts, and they cannot make changes to the e-Lab platform. A 

request for cohort datasets must come from a researcher who submits an initial proposal. The 

proposal should have clearly stated aims and/or hypotheses and describe the relevant exposure, 

outcome and confounders that will be considered, in order to justify access to the datasets that the 

researcher wishes to use. The proposal is then reviewed by the STELAR Principal Investigators to 

ensure that it is sound from both an ethical and a scientific perspective.  

http://www.asthmaelab.org/
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Once this is approved and signed off by the STELAR team, the researcher is given password-protected 

access to the resource. It is the responsibility of the researcher to adhere to the specified 

confidentiality rules at all times, including no attempt to identify individuals or households or to 

share confidential information with other researchers without permission from STELAR Principal 

Investigators. Users are also required to notify the STELAR team of any errors discovered in the 

datasets. 

4.2 Data annotation  

To facilitate integration of datasets across multiple cohorts, data managers from all five UK cohorts 

provided explicit information about the structure of their dataset when they uploaded the dataset 

into the Asthma e-Lab. For the Ashford study conducted as part of my PhD research, I catalogued 

information collected over 14 years and annotated more than 1,500 variables. This mapping 

necessitated a complex and detailed description file (‘metadata’) that had to conform to a highly 

specific format and be syntactically correct. A number of metadata files were created to describe 

the meaning of each variable, such as its definition, collection time, coding and data type. The body 

of the description file contained 18 columns in which several pieces of metadata about each variable 

were allocated. Most of these columns were compulsory, some were optional. They included 

 a ‘ColumnIdentifier’ which gave a name to the variable column being described and was 

compulsory; 

 a ‘ColumnTags’ field that was used to tag variables with important words and phrases to 

facilitate effective searching of variables in the Asthma e-lab; 

 a ‘Format’ column used to describe the representation of variables values when necessary; 

 a ‘Unit’ column that provided a unit of measure for the variable column (entries were 

restricted to the Unified Code for Units of Measure (UCUM) units); 

 ‘Input Datatype’ and ‘Output Datatype’ were used to specify which input and output type of 

values a variable had and what type of mathematical, relational or logical operations could 

be performed on it without causing an error during the programming process; 
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 a ‘DataLogic’ descriptor that characterized the variable being described as date, counted 

number of units, numeric value determined by measuring object or an information 

establishing the identity of a unique object; 

 a ‘ColumnDescription’ field that was used to capture the real-world meaning of the variable 

in a computer readable format by specific templates (e.g. whether it corresponded to a skin 

prick test, a measurement of lung function or a response to a questionnaire item); for 

example, a ‘QuestionResponse’ template was available for responses to questionnaire items 

and a ‘SPTResult’ template for the results of skin prick tests. For each of these templates, 

additional information was required, such as a full description of the question or measure 

collected, specification of the identification variable, respondent of the question, method of 

follow-up and child’s age at the time of collection; 

 ‘DataCodes’ and ‘MetaCodes’ fields that were used to map coded variables as well as their 

categories.  

Once a live dataset with its description file was prepared, this was quality assured and checked for 

syntax errors through an online validation process and then incorporated into the Asthma e-Lab. 

Table 4.2 shows part of a metadata file that I created to annotate and map some of the Ashford 

variables collected using paper questionnaires since the child’s birth. 
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Table 4.2: Metadata file created to annotate some of the variables collected using an Ashford questionnaire at age two years  

 

ColumnIdentifier ColumnDescription Format Unit
Input 

Datatype

OutputDa

tatype
DataLogic

"BIRTH"
mm/dd/

yy
Date Date Date

"BREAST"

QuestionResponse(QuSubject=Topic.StudySubject|VariableLabel="Did you ever 

breast 

feed?"|SubjectNo="Exposuredetails":"STUDYNO"|QuName="ExposureDetails"|

MethodOfFollowUp=FollowUpMethod.HomeVisitResidence|Respondent=Person.

MotherOfIndexChild|FollowUp=FollowUp.ADExposure8Weeks|AIW="Exposured

etails":"AIW")

String Term
DomainValu

e

"HOUSPEOP"

QuestionResponse(VariableLabel="No. of people living in 

house"|Respondent=Person.MotherOfIndexChild|QuSubject=Topic.ChildHomeE

nvironment|SubjectNo="Exposuredetails":"STUDYNO"|QuName="ExposureDetai

ls"|MethodOfFollowUp=FollowUpMethod.HomeVisitResidence|FollowUp=Follow

Up.ADExposure8Weeks|AIW="Exposuredetails":"AIW")

int int count

"HOUSROAD"

QuestionResponse(VariableLabel="Distance from public 

road"|Respondent=Person.MotherOfIndexChild|QuSubject=Topic.ChildHomeEnv

ironment|SubjectNo="Exposuredetails":"STUDYNO"|QuName="ExposureDetails"

|MethodOfFollowUp=FollowUpMethod.HomeVisitResidence|FollowUp=FollowU

p.ADExposure8Weeks|AIW="Exposuredetails":"AIW")

"m" int int measure

"MUMSMOK"

QuestionResponse(VariableLabel="How many per day 

(mother)?"|SubjectNo="Exposuredetails":"STUDYNO"|MethodOfFollowUp=Follo

wUpMethod.HomeVisitResidence|Respondent=Person.MotherOfIndexChild|Qu

Name="ExposureDetails"|QuSubject=Topic.ChildHomeEnvironment|FollowUp=F

ollowUp.ADExposure8Weeks|AIW="Exposuredetails":"AIW")

int int count

"PARTSMOK"

QuestionResponse(VariableLabel="How many per day 

(partner)?"|SubjectNo="Exposuredetails":"STUDYNO"|MethodOfFollowUp=Follo

wUpMethod.HomeVisitResidence|Respondent=Person.MotherOfIndexChild|Qu

Name="ExposureDetails"|QuSubject=Topic.ChildHomeEnvironment|FollowUp=F

ollowUp.ADExposure8Weeks|AIW="Exposuredetails":"AIW")

int int count

"SEX" String Term
DomainValu

e

"STUDYNO"
SubjectIdentifier(SubjectGender="Exposuredetails":"SEX"|SubjectDob="Exposur

edetails":"BIRTH")
string string identifier
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4.3 Data availability and harmonisation among the STELAR cohorts  

Data harmonisation is the process of combining/integrating information from different sources, 

potentially having different formats and naming conventions, and transforming it into a single 

cohesive dataset for analysis. This procedure determines the final form of the dataset and ensures a 

bigger sample size, better use of collected information and enhances the quality of the work 

throughout application of effective statistical analysis as well as research collaboration. If datasets 

are not harmonized, each source must be explored separately, which can lead to loss of information 

and poor generalizability of results.  

The harmonization process is therefore a key procedure and can be described by three phases—

identification, transformation and matching of variables. In the first phase, different sources are 

screened and examined in order to search for, identify and map comparable variables collected at 

similar time points. In the second step, variables are transformed via cleaning and format 

conversions to create homogenous information among sources and transform it into a common 

structure. This phase also involves detecting, correcting or removing inaccurate or erroneous values 

and recoding variables. This phase can be the most challenging and laborious part of data 

harmonization, because each source comes with its own set of unique issues, and an error can cause 

inaccurate or missing values throughout. Third, the common key variables and features of sources 

are matched, and the harmonised dataset obtained can be used for statistical analysis.  

I harmonized similar variables across the STELAR cohorts in order to standardize, compare as well as 

pool similar information over a period of time. Details of their harmonization are described in the 

following three sections. 

4.3.1 Identification of variables among the STELAR cohorts 

During the design of the Ashford survey at age 20 years, available STELAR questionnaires were 

reviewed to identify important variables for my research aims and to assess information availability 

among STELAR cohorts.  
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The Asthma e-Lab was then used to efficiently search for and download annotated variables by using 

Boolean operators such as ‘OR’ and ‘AND’ as well as ‘wildcards’. The laborious procedure of 

searching and downloading variables from the e-Lab is described below, and figures are shown as 

representations of instructions.  

1. The user clicks on ‘Cohort Manager’ to enter in the search webpage (Figure 4.1)   

Figure 4.1: Asthma e-Lab home page 
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2. The user selects the cohort(s) from which s/he wants to download information then searches 

for variables using the ‘Search Variable’ button and types the term that s/he is interested in. 

Below I show the result from searching on ‘smoking’; note that only the cohort(s) that the 

user is interested in remain ‘green ticked’ (Figure 4.2). 

 

 

 

3. The user ticks the boxes of variable(s) that s/he wants to download and then clicks “Add to 

Basket” in order to store them in the online basket. The user is allowed to edit his/her choice 

of variables whilst variables are stored in the basket. 

 

  

Figure 4.2: Results from searching on ‘smoking’ in the Ashford cohort 
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3. The user ticks the boxes of variable(s) that s/he wants to download and then clicks ‘Add to 

Basket’ in order to store them in the online basket (Figure 4.3). The user is allowed to edit 

his/her choice of variables whilst they are stored in the basket.  

 

4. The user can see which variables are in the basket by clicking on the word ‘Basket’, and when 

s/he has finalized her/his choice of the selected variables, can click on ‘Download All’. 

Once the information of interest was downloaded, I used Asthma e-Lab metadata information, such 

as the full definition, collection time and format of variables, to determine their comparability and 

compatibility among all cohorts (see section 1.2.3 for details). For the variables that I identified that 

were comparable among STELAR cohorts, I then checked them with the principal investigators 

and/or data managers of the original cohorts. Not all cohorts were able to provide data for certain 

information and/or for specific time points; therefore, some variables were excluded from the 

process because they were not available for some cohorts. For example, information on use of 

antibiotics in the past 12 months and number of admissions to hospitals along with reason for the 

hospitalization was collected in all the STELAR cohorts except the IoW study. Thus, this information 

was omitted from the harmonization process and not analysed. 

Overall, I identified and mapped 69 variables that were available across all five cohorts; 41 of those 

variables were considered comparable and compatible among the STELAR cohorts as they were 

collected at similar time points and used similar wording for the questions (Table 4.3). Data for those 

variables were downloaded from the Asthma e-Lab. They included demographic characteristics, 

parental history of allergic diseases, child’s medical information and relevant respiratory symptoms 

from birth to age 10 years as well as asthma-related information in adolescence, that is, between 

ages 15 and 20 years.   

Figure 4.3: Selection of variables of interest and inclusion in the online basket 
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Table 4.3: Comparable variables among the STELAR cohorts downloaded from the e-Lab 

Grouping  Variable Collection time ALSPAC Ashford IoW  MAAS SEATON 

Demographic 

Study cohort Recruitment  ✔ ✔ ✔ ✔ ✔ 

Sex Birth ✔ ✔ ✔ ✔ ✔ 

SES (based on parental 
occupation) 

Recruitment ✔ ✔ ✔ ✔ ✔ 

Parental allergies 

Maternal asthma  Recruitment ✔ ✔ ✔ ✔ ✔ 

Maternal eczema Recruitment ✔ ✔ ✔ ✔ ✔ 

Maternal hayfever  Recruitment ✔ ✔ ✔ ✔ ✔ 

Paternal asthma Recruitment ✔ ✔ ✔ ✔ ✔ 

Paternal eczema Recruitment ✔ ✔ ✔ ✔ ✔ 

Postnatal exposures 

Older siblings  By 3 yrs ✔ ✔ ✔ ✔ ✔ 

No. of older siblings By 3 yrs ✔ ✔ ✔ ✔ ✔ 

Birth order By 3 yrs ✔ ✔ ✔ ✔ ✔ 

Maternal age Recruitment ✔ ✔ ✔ ✔ ✔ 

Premature birth  Birth ✔ ✔ ✔ ✔ ✔ 

Ever breast fed By 3 yrs  ✔ ✔ ✔ ✔ ✔ 

Vaginal delivery Birth ✔ ✔ ✔ ✔ ✔ 

Age at weaning (weeks) By 3 yrs  ✔ ✔ ✔ ✔ ✔ 

Environmental exposures 

Cat ownership 1 yr ✔ ✔ ✔ ✔ ✔ 

4 or 5 yrs ✔ ✔ ✔ ✔ ✔ 

Dog ownership 1 yr ✔ ✔ ✔ ✔ ✔ 

4 or 5 yrs ✔ ✔ ✔ ✔ ✔ 

Moved house By 2 yrs  ✔ ✔ ✔ ✔ ✔ 

Maternal smoking Recruitment ✔ ✔ ✔ ✔ ✔ 

1 yr ✔ ✔ ✔ ✔ ✔ 

Abbreviations - SES: socioeconomic status; yrs: years; DD: doctor’s diagnosis; SPT: skin prick test; HDM: house dust mite. 
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Table 4.3: Comparable variables among the STELAR cohorts downloaded from the e-Lab (continued) 

Grouping  Variable Collection time ALSPAC Ashford IoW  MAAS SEATON 

Symptoms 

Current wheeze  1 yr ✔ ✔ ✔ ✔ ✔ 

2 or 3 yrs ✔ ✔ ✔ ✔ ✔ 

4 or 5 yrs ✔ ✔ ✔ ✔ ✔ 

8 or 10 yrs ✔ ✔ ✔ ✔ ✔ 

Frequency of wheezing  
in the past 12 months 

1 yr ✔ ✔ ✔ ✔ ✔ 

2 or 3 yrs ✔ ✔ ✔ ✔ ✔ 

4 or 5 yrs ✔ ✔ ✔ ✔ ✔ 

8 or 10 yrs ✔ ✔ ✔ ✔ ✔ 

Eczema in the past 12 
months (DD and 
parent reported)  

1 yr ✔ ✔ ✔ ✔ ✔ 

2 or 3 yrs ✔ ✔ ✔ ✔ ✔ 

4 or 5 yrs ✔ ✔ ✔ ✔ ✔ 

Ever DD asthma 4 or 5 or 7.5 yrs ✔ ✔ ✔ ✔ ✔ 

Asthma treatment in the 
past 12 months 

4 or 5 or 6.4 yrs ✔ ✔ ✔ ✔ ✔ 

Skin prick tests SPT (cat/HDM/mixed grass) 4 or 5 or 7 yrs ✔ ✔ ✔ ✔ ✔ 

Asthma-related  
information 
in young  
adulthood 

Current wheeze 15 yrs         ✔ 

16 yrs ✔     ✔   

18 yrs     ✔     

20 yrs  ✔    

Asthma treatment in the 
past 12 months 

15 yrs         ✔ 

16 yrs ✔     ✔   

18 yrs     ✔     

20 yrs   ✔       

Abbreviations - SES: socioeconomic status; yrs: years; DD: doctor’s diagnosis; SPT: skin prick test; HDM: house dust mite.  
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4.3.2 Transformation of the STELAR variables 

After I identified variables of interest, I applied a transformation step to produce homogeneous 

information across the STELAR cohorts. The transformation process, performed using scripts created 

in R software (https://www.r-project.org), included importing the data, recoding variables (e.g. 

changing ‘2’ = no to ‘0’ = no), replacing missing values due to skipped questions with appropriate 

values and deriving new variables by merging different data types to obtain ‘compromises’ among 

STELAR cohorts.  

For example, a data compromise concerns frequency of wheezing. The study questionnaires asked 

several questions about asthma-like symptoms at each follow-up, such as the number and severity 

of wheezing episodes in the past 12 months. However, this question was asked slightly differently 

among the STELAR cohorts; some of them sought the actual number of wheezing episodes, but 

others sought free text or check-box answers. Hence, I had to transform continuous variables into 

categorical variables and reassign values in order to have similar probability distribution and 

frequency of categories among the cohorts. An analogous data compromise was performed for 

socioeconomic status (SES), which was calculated based either on parental occupation at 

recruitment using the Standard Occupational Classification (SOC) or the National Statistics Socio-

Economic Classification (NS-SEC). SOC is a commonly used classification of occupations in the UK, 

while the NS-SEC, which measures the employment relations and conditions of occupations, was 

revised based on the SOC. Since the STELAR cohorts used slightly different socioeconomic 

classification, I derived the final five socioeconomic classes among the STELAR cohorts as follow: 1) 

managerial, technical, administrative and professional occupations at large employers, higher and 

lower managerial, professional, higher technical and administrative occupations; 2) skilled non-

manual occupations and intermediate occupations, such as clerical sales and service; 3) skilled 

manual occupations, including small employers and own-account workers; 4) partly-skilled 

occupations, including lower supervisory and lower technical occupations; and 5) semi-routine and 

routine occupations.  

 

https://www.r-project.org/
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Another example of compromise  pertains to skin prick test results. The test was considered positive 

if there was a wheal 3 mm or greater than that of the saline control to any of the three main allergens 

(cat, mixed grass and Dermatophagoides pteronyssinus [house dust mite]). Skin prick testing was 

performed at a similar age, around five years old, among all cohorts except the ALSPAC cohort (seven 

years). Similarly, during middle childhood, information on whether asthma was ever diagnosed by a 

doctor and the use of asthma medication in the past 12 months was collected at different ages 

among the STELAR cohorts. The ALSPAC study reported this information at 77 and  91 months, and 

in the other cohorts it was collected around age five years (60 months).   

Further compromises include current wheeze, which was assessed in each follow-up questionnaire 

by similar questions among the STELAR cohorts and was defined as a positive response to the 

following question “Has your child had wheezing with whistling in the last 12 months?” in the ALSPAC 

study and in the other four cohorts, to the question “Has your child had wheezing or whistling in the 

chest in the last 12 months?”. Information on eczema in the past 12 months was derived based on 

parent-reported information and previous doctor’s diagnosis. ALSPAC collected this information at 

18 months, 30 months and 57 months, but the other cohorts assessed eczema at one, two or three, 

and five years of age. Similarly, questions about colds or runny nose symptoms in the past 12 months 

were asked at 18 months in ALSPAC and at one year of age in the remaining cohorts.  

Parental allergies (maternal asthma, eczema and hayfever and paternal asthma and eczema) were 

assessed at recruitment by self-report or reported doctor’s diagnosis among the STELAR cohorts. 

Maternal age at birth of the study child either was recorded in the questionnaire or was derived 

based on maternal date of birth and date of birth of the study child. Information on pet ownership, 

specifically, cats and dogs, during the first year of the study child’s life and around his/her fourth or 

fifth year was assessed by a question about the presence of pets in the house among all STELAR 

cohorts except ALSPAC, which asked about pet contact instead. Questions about plans to move to a 

new home or the number of times the child moved were asked at the birth of the study child in the 

Ashford and MAAS studies, around age one year in SEATON and IoW cohorts and around two years 

of age (21 months) in ALSPAC. Birth order (the chronological order of sibling births in a family) was 

derived based on the number of older siblings; I classified this information by using three ordinal 
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categories— first born, second born and any other birth-order position. Premature birth was defined 

as a birth that took place more than three weeks before the baby’s estimated due date and thus 

occurred before the 37th week of pregnancy. Information such as ever breastfed, referring to infants 

who had been put to the breast at least once, and age at weaning, indicating the age, in weeks, at 

which infants started eating solid food, was collected and recorded up to two or three years of age 

among the STELAR cohorts. Therefore, I derived two variables on breastfeeding and age at weaning 

based on data collected at any time during the first two or three years. 

4.3.3 Matching of variables among the STELAR cohorts 

To create a single, harmonised dataset, the transformed variables from the STELAR cohorts were 

matched and merged by type of data and by specific time points. The dataset was assessed for 

outliers, missing values, duplicate records, and distribution of the data before using it for the 

development of the prediction models reported in Chapter 5 (Comparison of statistical methods for 

the prediction of asthma at 15–20 years) and Chapter 6 (Further investigations using the Bayesian 

model). It is worth noting that matching and harmonization of information gathered in adolescence 

was established at slightly different time points among STELAR cohorts; ALSPAC collected this 

information at 16.6 years, Ashford at 20 years, IoW at 18 years, MAAS at 16 years, and SEATON at 

15 years. Asthma definition and statistical analysis on asthma prediction in adolescence will be 

described in detail in Chapter 5 (Comparison of statistical methods for the prediction of asthma at 

15–20 years) and Chapter 6 (Further investigations using the Bayesian model). 

4.4 Conclusion 

Data harmonisation identifies the procedure used to standardize, compare as well as pool similar 

information among different sources over a period of time. This procedure allowed me to maximize 

the use of the STELAR data collected over 20 years producing a bigger sample size and, in turn, 

empowering the efficiency of statistical analysis. In this chapter, I have described the five STELAR 

asthma UK birth cohorts and how I approached the data harmonisation procedure within them in 

order to create my final dataset. The process was lengthy and challenging due to discrepancies in 

variable recording between different cohorts such as different names, categorizations and units of 

measurement. I identified and harmonised 41 variables; 39 of these variables will be used as 
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candidate predictors, while the other 2 variables will be used to define the primary outcomes in the 

main statistical analyses of asthma prediction in adolescence described in detail in Chapter 5 

(Comparison of statistical methods for the prediction of asthma at 15–20 years) and Chapter 6 

(Further investigations using the Bayesian model). 
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5 Chapter 5 – Comparison of 
statistical methods for the 
prediction of asthma at 
15–20 years 

Predictive models are statistical methods used in medicine to assist clinicians during the decision-

making process as they attempt to determine a future clinical outcome (event) based on an 

individual’s risk profile. These models may help with diagnosis and prognosis of the disease of 

interest by predicting the probability that a subject with a given set of predictors will develop the 

disease and by identifying subjects at high risk of developing a given disease later in life (120, 123). 

Therefore, the fundamental objective of predictive modelling is to find an optimal and parsimonious 

predictive model that provides good predictive performance with as few predictors as possible.  

According to established guidelines (101, 104, 105, 118-123, 125), prediction models should be 

developed using the following five-phase process: 1) definition of target population, 2) definition of 

clinical outcome, 3) selection of candidate predictors, 4) model development and 5) validation of 

predictive performance. With regard to the first two stages—defining a clear and appropriate 

definition of clinical outcome—the age of the population used for outcome prediction as well as the 

age of the target population are necessary to develop an accurate and useful clinical predictive 

model. The definitions of these aspects affect database structure, determine the specification of the 

predictive model and influence predictive performance. With regard to the third stage, evaluation 

and selection of the most relevant predictors are essential; in general, inclusion of more than 10 

predictors in the final model can decrease its simplicity, interpretability and convenience (102). 
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Predictors found to be significantly associated with the clinical outcome in previous research should 

be tested as candidate predictors.  

With regard to the fourth stage, a variety of statistical methods can be used to develop predictive 

models, such as standard regression analysis, Machine Learning and Bayesian methods, which 

include a number of candidate predictors based on subjects’ characteristics, environmental 

exposures and clinical features (196-199). These candidate predictors are factors that are thought 

to be associated with the health outcome of interest and are usually selected on the basis of clinical 

experience and literature reviews. In practice, the number of events in the datasets that are used to 

develop the predictive model is often too low relative to the number of candidate predictors, 

particularly when the event of interest is relatively rare and a large number of predict ors possible. 

In such situations, predictive models may be too complex and lead to ‘model overfitting’ and poor 

predictive performance (105, 113, 118, 200). An overfitted model often accurately predict events for 

subjects in the dataset used to develop the model, but performs less well for a new group of subjects. 

To overcome this issue, variable selection techniques such as regularisation methods have been 

suggested.  

For the fifth stage, the predictive performance of the model is evaluated in  data that have structural 

and population-level characteristics similar to the data from which the model was developed (99, 

105, 110). Evaluation of predictive performance can be performed using internal or external 

validation. To ensure the generalisability of a predictive model, it is necessary to evaluate its 

performance empirically in independent validation studies (external validation) with subjects from 

other, but similar, populations that were not used to develop the model (99, 100, 105). This process 

assesses the general applicability of a predictive model to an independent sample and reduces 

model overfitting (201). The predictive performance of a model is measured by its calibration and 

discrimination measures (114, 202). Calibration measures refer to the agreement between observed 

and predicted values and are usually assessed graphically and/or using the Hosmer-Lemeshow 

goodness-of-fit test. Discrimination measures refer to the ability of a model to distinguish between 

subjects with and without the disease of interest; these measures include sensitivity, specificity, 

positive and negative predictive values and area under the ROC curve.  
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The main aim of this chapter is to describe the application and evaluation of different statistical 

methods to the predict asthma in individuals between age 15 and 20 years by using information 

gathered about them in early childhood (before age five years), from the asthma UK birth cohorts 

included in STELAR. I will evaluate both classical and modern techniques for performing model 

selection and for predicting an individual’s risk of developing asthma in adolescence. In particular, I 

describe regression techniques, from a simple step-wise regression to least absolute shrinkage and 

selection operator (LASSO) and elastic net (EN), as well as empirical Bayes and Bayesian 

regularization methods. I discuss the strengths as well as limitations of such methods. The predictive 

models developed will be 1) externally validated to assess their generalisability and the 

transportability of the results and 2) evaluated and compared through measures of accuracy, 

discrimination and calibration.  

5.1 Methods 

5.1.1 Definition of the target population 

The analysis presented in this chapter was performed in a subgroup of STELAR children whose 

parents reported that they had wheezing episode(s) between the ages of two and five years. Such 

children are at higher risk of developing asthma later in life and thus might benefit from early 

diagnosis of asthma and therapeutic management (98).  This population is of clinical interest as they 

are more likely to have persistent asthma in adolescence; henceforth, this population will be defined 

as a ‘high-risk population’. 

This group involves 1,008; 145; 230; 115 and 178 children from the ALSPAC, Ashford, IoW, MAAS 

and SEATON studies, respectively (N = 1,676). Details on the STELAR cohorts can be found in Chapter 

4 (Data sources, paragraph 4.1.1).  

5.1.2 Definition of outcome  

Current asthma was defined as the outcome and was assessed between 15 and 20 years of age, in 

order to predict the condition in adolescence. I defined current asthma by a positive answer to each 

of the following items of the questionnaire: wheezing in the past 12 months and asthma medications 

in the past 12 months.  
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Asthma medications include relievers (short-acting bronchodilators), long-acting bronchodilators 

and inhaled or oral corticosteroids. Information on current wheeze and current asthma medications 

was collected at comparable ages among the five UK asthma birth cohorts (for details, see Chapter 

4 - Data sources, paragraph 4.3), specifically, at 16.6 years in ALSPAC, at 20 years in Ashford, at 18 

years in IoW, at 16 years in MAAS, and at 15 years in SEATON.  

5.1.3 Potential predictive variables 

Initially, I reviewed the literature to identify factors potentially associated with the occurrence and 

persistence of asthma in later childhood and adolescence (85, 86, 141, 203). I then harmonised the 

related variables across the five STELAR cohorts. Details on the harmonisation procedure as well as 

a list of candidate predictors can be found in Chapter 4 (Data sources, paragraph 4.3). Although I 

harmonized 39 candidate predictors among the STELAR cohorts, in the analyses presented in this 

chapter I only considered information collected in early childhood (by age five years), as this time 

frame is in line with existing asthma-predictive models and available systematic reviews (85, 86, 

141).  In total, I included 32 candidate predictors in my predictive models. These data were collected 

at recruitment and then from birth to age five years across all five cohorts, and they consisted of 

demographic characteristics, parental allergies, perinatal data, environmental exposures  and 

respiratory and eczema symptoms.  

5.2 Statistical analysis 

Statistical analysis was performed mainly using a two-step approach. In the first step, referred to as 

the model development process, I identified important predictors associated with the outcome and 

estimated their effects by using several approaches, including stepwise logistic regression and 

different regularization logistic models within classical, Bayesian and empirical Bayes frameworks. 

The second step consisted of evaluating the performance of the predictive models generated in the 

first step by using measures such as sensitivity, specificity, area under the ROC curve and predictive 

values. Model performance was evaluated in external populations in order to appraise the reliability 

of each predictive model in independent studies. Results reported in this chapter come from a 

multiple imputation analysis. The Transparent Reporting of a multivariable predictive model for 

Individual Prognosis Or Diagnosis (TRIPOD) guideline (125) was adopted to describe the work and 
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report the main findings of my predictive models and their performance measures and to enable a 

fair comparison with existing childhood asthma-predictive models. 

The ALSPAC and Ashford cohorts had similar inclusion criteria and prevalence of asthma, whilst these 

were different in the IoW, MAAS and SEATON cohorts. For this reason, the ALSPAC and Ashford 

cohorts (development/training data) were used to develop the predictive models, and the other 

studies (validation/testing data) were employed to externally validate their predictive abilities. Data 

were prepared and analysed using R software, version 3.3.3.  

5.2.1 Model Development 

Univariable (crude) associations between candidate predictors and asthma at the age of 15–20 years 

were assessed in the ALSPAC and Ashford studies. Differences were analysed using the chi-square 

test for categorical data and Student t-test for normally distributed continuous data.  

I applied the following five statistical techniques to develop the predictive models: stepwise logistic 

regression; two regularization logistic models developed in a frequentist framework—least absolute 

shrinkage and selection operator (LASSO) and elastic net (EN); a Bayesian and an empirical Bayes 

regularization method. All these approaches enable the selection of important predictors and the 

simultaneous estimation of their regression coefficients. The regularization regression methods 

address the issues of overfitting and multicollinearity that occur when two or more predictor 

variables are highly correlated with one another, that is, when one variable can predict the other 

variable (113, 118). Specifically, these regularization methods impose constraints on the values of 

the regression coefficients and the size (number of predictors) of the models; these constraints are 

characterised by shrinkage parameters that pull the regression coefficients toward zero, allowing 

variable selection. In the analyses, I dichotomised all categorical variables with more than two 

categories into dummy variables before including them into the models. The dichotomisation 

process is necessary to perform the regularization regression methods using the package ‘glmnet’ in 

the statistical software R. Thus, I derived 46 variables from the initial 32 candidate predictors.  
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5.2.1.1 Classical stepwise regression 

Stepwise logistic regression, which is the commonest method used to perform variable selection and 

develop predictive models in medical research, assesses the strength of the association between a 

set of risk factors or predictors and a binary outcome of interest (204, 205). Logistic regression can 

be difficult to apply in high-dimensional data where the number of predictors, 𝑄, is large relative to 

the sample size, 𝑁; in this context, overfitting and multicollinearity become important issues as they 

lead to unstable estimates and poor predictive performance. To avoid potential overfitting and 

improve predictive performance, it is necessary to select an optimal set of predictors  𝑿 =

(𝑋1, 𝑋2, … , 𝑋𝑄) for inclusion in the predictive model (113, 118). Several variable selection methods 

have been proposed for multiple logistic regression, such as backward elimination, forward selection 

and stepwise selection (204, 205). I first briefly describe the logistic regression method and then 

explore the stepwise selection method. 

In logistic regression the dependent variable, 𝒀 = (𝑌1 , 𝑌2 , … , 𝑌𝑁),  comes from a Bernoulli 

distribution and assumes two values, 0 and 1, where 1 indicates the presence of the condition, such 

as asthma in adolescence, given a set of predictors (206).  

𝑌𝑖|𝑋 1𝑖, … , 𝑋𝑄𝑖  ∼ 𝐵𝑒𝑟𝑛𝑜𝑢𝑙𝑙𝑖 (𝑝𝑖)            𝑖 = 1,2, … , 𝑁 

where 𝑌𝑖  and 𝑋𝑖  are the outcome and set of predictors, respectively, of the i-th subject; 𝑁 is the 

number of observations and 𝑄 is the number of candidate predictors. 

The probability of the condition of interest occurring for a given individual and a set of predictors 

𝑃(𝑌𝑖 = 1|𝑋1𝑖, … , 𝑋𝑄𝑖) = 𝑝𝑖  can be calculated using the following formula: 

𝑝𝑖 =
𝑒𝛽0+𝑋𝑖

𝑇𝜷

1 + 𝑒𝛽0+𝑋𝑖
𝑇𝜷

             𝑖 = 1,2, … , 𝑁 

where 𝛽0 is the estimate of intercept and 𝜷 = (𝛽1, 𝛽2, … , 𝛽𝑄) is the set of regression coefficients 

used to estimate the probability of the condition to occur. Typically, these regression coefficients 

are calculated using maximum likelihood estimation (206). The likelihood estimate measures the 

data’s evidence based on the unknown regression coefficients:  
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𝐿(𝛽0, 𝜷) ∝ ∏ 𝑝𝑖(1 − 𝑝𝑖

𝑁

𝑖=1

) 

However, for computational convenience, the log-likelihood is often maximised (or the negative log-

likelihood function is minimized) to estimate the unknown parameters:  

(�̂�0, �̂�) =  𝑎𝑟𝑔𝑚𝑎𝑥 {∑ 𝑙𝑜𝑔 (1 + 𝑒𝛽0+𝑋𝑖
𝑇𝜷) + (𝑌𝑖 − (𝛽0 + 𝑋𝑖

𝑇𝜷))𝑁
𝑖=1 } .    [1]   

The stepwise selection method for multiple regression is the commonest variable selection approach 

in the medical field (200, 207). At each step, this method tests variables to be included or excluded 

by using a combination of forward selection and backward elimination; the best subset of candidate 

predictors is usually searched by the Akaike information criterion (AIC) at each step so that the final 

model is the model with the lowest AIC value (122, 208, 209). The AIC, which is a measure of the 

quality of each model for a given set of data and is based on a penalty of maximum log likelihood 

(113), identifies the best-fitting model that uses the fewest variables. In the R software, the selection 

of a model based on the AIC value in the stepwise algorithm can be performed using the ‘step’ 

function.   

Despite the simplicity of this method, the stepwise technique can give overestimated regression 

coefficients, p-values that do not have the proper meaning as they are not corrected for multiple 

testing and problems regarding the presence of collinearity (200, 204). Multiple testing involves 

simultaneous hypothesis testing on regression coefficients, and it can lead to overestimation of the 

true effect size; in the stepwise procedure, a number of models are established and multiple 

hypothesis testing is conducted to identify regression coefficients that are significantly different 

from zero and that can be included into the final model (200, 204). A 95% confidence interval is 

computed for each regression coefficient; this interval includes the true value of the parameter in 

95% of occasions. 
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5.2.1.2 Classical regularization regression analysis 

The classical regularization regression methods are flexible shrinkage approaches that can be 

performed using the R package ‘glmnet’. These methods fit the same statistical model as logistic 

regression but use a different estimation procedure by placing a constraint on the values of the 

regression coefficients (210). This constraint is characterised by hyperparameters (shrinkage 

parameters) that control the amount of shrinkage, that is, the degree to which the regression 

coefficients are pooled toward zero, leading to selection of predictors and a sparse model. These 

shrinkage parameters may be fixed to a constant term or calculated via some criterion, for instance 

minimizing mean-square error, deviance or mean cross-validated error by cross-validation methods 

such as the k-fold technique (211), or bootstrapping (212). The mean-square error measures the 

average difference between observed and predicted values. The deviance is two times the log-

likelihood ratio of the full model compared to a reduced one. Cross-validated error represents the 

prediction error associated with the models developed. 

Several regularization regression methods that use different constraints have been proposed (213); 

the LASSO (Least Absolute Selection and Shrinkage Operator) (214) and elastic net (EN) (215) are the 

most popular methods. The LASSO coefficients 𝛽0
𝐿𝐴𝑆𝑆𝑂  and 𝜷𝐿𝐴𝑆𝑆𝑂 = (𝛽1, 𝛽2, … , 𝛽𝑃) are estimated 

by minimizing the negative log-likelihood function with the penalty term, |𝜷| = ∑ |𝛽𝑗|
𝑄
𝑗=1   (216), 

which represents a sum of the absolute value of regression coefficients. Thus, equation [1] becomes  

(�̂�0
𝐿𝐴𝑆𝑆𝑂

, �̂�𝐿𝐴𝑆𝑆𝑂) = 𝑎𝑟𝑔𝑚𝑖𝑛 {∑ [𝑙𝑜𝑔 (1 + 𝑒𝛽0+𝑋𝑖
𝑇𝜷) − (𝑌𝑖 − (𝛽0 + 𝑋𝑖

𝑇𝜷))] + 𝜆1|𝜷|𝑁
𝑖=1 } .    [2]  

where 𝑌𝑖  and 𝑋𝑖  are the outcome and set of predictors, respectively, of the i-th subject; 𝑁 is the 

number of observations; 𝑄  is the number of predictors and 𝜆1  is the shrinkage parameter 

(𝜆1 > 0) that controls the amount of shrinkage. The logistic LASSO regression coefficient estimates 

are usually smaller than those obtained by standard logistic stepwise regression (214). One limitation 

of LASSO is that the number of selected predictors cannot exceed the sample size. The other 

limitation occurs when there are groups of correlated variables, where it tends to select the most 

important variable and ignore the others (128). 
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Elastic net (EN) overcomes those limitations by introducing a quadratic term, 𝜷2 = ∑ 𝛽𝑗
2𝑄

𝑗=1 , to the 

penalty function (215). This elastic net penalty guarantees the selection and estimation of 

coefficients of all the predictors that are highly correlated to one another (215). The estimates from 

EN are defined by 

(𝛽0̂
𝐸𝑁

, �̂�𝐸𝑁) = 𝑎𝑟𝑔𝑚𝑖𝑛 {∑ [𝑙𝑜𝑔 (1 + 𝑒𝛽0+𝑋𝑖
𝑇𝜷) − (𝑌𝑖 − (𝛽0 + 𝑋𝑖

𝑇𝜷))] + 𝜆1|𝜷|𝑁
𝑖=1 + 𝜆2𝜷2 }      [3]    

where 𝝀 = (𝜆1, 𝜆2) are the shrinkage parameters (𝝀 > 0) that control the amount of shrinkage. 

In contrast to the stepwise regression method, these two regularization regression models do not 

provide standards errors but introduce a bias toward zero in the estimation of coefficients due to 

the shrinkage (217).  

5.2.1.3 Bayesian regularization analysis 

In frequentist statistics the estimation process is driven by the observed data, and model 

assumptions such as linearity, normality of residual as well as homoscedasticity of variances need to 

be checked to obtain valid inferences. Estimation in the Bayesian approach is performed by 

combining the information from a prior distribution, which represents the knowledge and 

uncertainty about the parameter before the current data are examined, with the likelihood of the 

data to provide a posterior distribution for the parameter (218). This new probability distribution 

(posterior probability) is then used to perform all inferences, including estimating regression 

coefficients and computing standard errors. Treating the regression coefficients as fixed or using a 

probability distribution is the main difference between frequentist and Bayesian methods (218). 

The Bayesian regularization method (219) implemented by the R package ‘R2BGLiMS’ is useful as it 

enables one to identify a subset of predictors associated with the outcome and the possibility of 

incorporating prior information into the analysis. Variable selection is performed by specifying a 

probabilistic prior over a group of possible models (220), which depends on a latent binary vector 

𝜸 = (𝛾1, … , 𝛾𝑄) that indicates whether each covariate is included into the predictive model (221). 

The binary variable 𝛾𝑗  can assume two values, 0 and 1, where 1 indicates the inclusion into the 

predictive model of the 𝑗-th predictor with a related regression coefficient different from zero, 
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𝛽𝑗 ≠ 0 . The number of predictors included in the predictive model  (the model size) therefore 

depends on the prior distribution of 𝜸.  

Specifically, I used a Beta-Binomial prior corrected for the number of candidate predictors (222); the 

prior distribution of 𝜸 is a Binomial distribution where the probability of including a predictor into 

the model, 𝑝𝑗 , is not fixed but random. This probability, 𝑝𝑗 , follows the Beta distribution and is 

corrected for the number of candidate predictors. This can be specified as follows: 

    γ𝑗 ~ 𝐵𝑖𝑛𝑜𝑚𝑖𝑎𝑙(1, 𝑝𝑗)          𝑗 = 1,2, … , 𝑄     [4]     

𝑝𝑗 =  𝐵𝑒𝑡𝑎(1, 𝑄)  

The identified non-zero regression coefficients were then assigned independent Normal prior 

distributions centred in 0 with unknown variance, 𝜎𝜷
2 . This prior distribution represents the 

uncertainty of the 𝛽𝑗 parameters and was combined with the likelihood of the data to provide a 

posterior distribution and to compute the regression coefficients and their credible intervals. 

𝛽𝑗| γ𝑗  ∼ 𝑁(0, 𝜎𝜷
2)  𝑗 = 1,2, … , 𝑄       [5]   

Finally, I specified a vague Normal prior for the intercept, 𝛽0, with a very large variance to account 

for the a priori uncertainty about the value of the parameter (223) 

𝛽0 ~ 𝑁(0, 106)     [6]     

Models such as this are complex and often analytically intractable, as they require the integration of 

a large number of unknown parameters to calculate the posterior probability. Markov Chain Monte 

Carlo (MCMC) is a family of algorithms used to draw several independent values from a probability 

distribution that are then used to perform approximate inference. MCMC starts with a random initial 

value and, based on it as well as on the distribution of the parameter of interest, a new random value 

is chosen; each new value is used to generate the next one. This iterative process continues until an 

MCMC chain converges to a value, which represents the estimate of the parameter of interest (220). 

To minimise the impact of the choice of initial values on model convergence and therefore results, 

a number of first iterations is usually discarded by a process called burn-in.  
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In particular, for every Bayesian model fitted, I ran one million iterations after a burn-in of one million 

iterations. The convergence and mixing of iterations were checked visually by using autocorrelation 

plots showing the correlation pattern among iterations and trace plots showing the parameter 

values across iterations. For a graphical display of the results, I used the Manhattan plot , which 

compares posterior probabilities among predictors.  

I performed sensitivity analyses by changing the parameter of the Beta distribution ( that is, 𝑄, the 

number of candidate predictors) in order to increase or decrease sparsity. The higher the value of 

𝑄 , the lower the mean and the variance of the Beta distribution and therefore the lower the 

probability of including a candidate predictor into the model; a value of the latter that approaches 

zero allows for variable selection. Specifically, I used a flat uniform prior, 𝑝𝑗 =  𝐵𝑒𝑡𝑎(1, 1), as well 

as more informative priors that specify a set of values for 𝑄,  including 9, 19 and 27. For each 

regression coefficient, I computed the 95% credible interval, which can be described as the Bayesian 

parallel of the 95% confidence interval. It indicates the range of values in which the true value of the 

parameter lies, with 95% probability, given the data and the model. 

5.2.1.4 Empirical Bayes regularization analysis 

The empirical Bayes (EB) selection approach (224, 225) can be described as a compromise between 

classical and Bayesian regularization methods. This approach attempts to combine the strengths of 

frequentist and Bayesian statistics. I performed this method using two R packages— 

‘EBelasticNet.BinomialCV’, which allows for the estimation of the optimal hyperparameters, and 

‘EBelasticNet.Binomial’, which accomplishes variable selection and estimation of regression 

coefficients. 

The empirical Bayes method starts with a Bayesian model in which a Normal prior distribution is 

defined for the regression coefficients (226). However, this distribution is specified by other 

parameters, referred to as hyperparameters (224, 225), that are estimated exclusively through the 

data, typically using a k-fold cross-validation technique as for the frequentist regularization 

regression methods. These hyperparameters, similar to those used in LASSO and EN, enable variable 

selection by controlling the degree of shrinkage and the proportion of non-zero coefficients.  
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For the statistical analysis reported in this chapter, optimal values of the hyperparameters were 

chosen through 10-fold cross-validation and then used to estimate regression coefficients of the 

selected predictors. This model employs a three-level hierarchical prior distribution to model the 

sparsity and to identify a sensible set of predictors associated with the health outcome. At the first 

level, I assigned a non-informative Uniform prior distribution to 𝛽0, namely, 𝑝(𝛽0) ∝ 1, while the 

other regression coefficients follow a Normal distribution with mean zero and unknown variance, 

𝛽𝑗 ∼ 𝑁(0, 𝜎𝑗
2)  𝑗 = 1,2, … , 𝑄     [7] 

At the second level, the unknown variance follows an independent Exponential distribution 

depending on a common parameter, 𝛿, 

𝜎𝑗
2~ 𝐸𝑥𝑝(𝛿)  𝑗 = 1,2, … , 𝑄  and  𝛿 > 0    [8] 

At the third level, this common parameter follows a Gamma prior distribution where the shape, 𝑎, 

and the inverse scale parameter, 𝑏, are the hyperparameters obtained by a 10-fold cross-validation 

technique:   

𝛿~Γ(𝑎, 𝑏)   [9] 

Therefore, this approach estimates the variance, 𝜎𝑗
2, from the data and then acquires the posterior 

distribution for the regression coefficients, 𝛽𝑗, based on those estimated variances (225). Empirical 

Bayes regularization methods have two major advantages. First, the posterior distribution of results 

provides standard errors together with estimates of coefficients, as opposed to LASSO and EN in the 

frequentist framework. Second, they do not require specification of the prior distribution of 

hyperparameters because they are estimated from the data through a validation method (224, 225). 

However, this empirical Bayes approach has one major drawback: it uses the observed data twice – 

first to compute the hyperparameters and then to develop the posterior distribution – leading to 

possible overconfident results and invalid statistical inference. 
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5.2.2 Model validation 

The performance of the predictive models I developed was validated externally in the IoW, MAAS 

and SEATON cohorts. Specifically, I used the regression coefficients of each predictive model 

developed to calculate an individual’s probability of having asthma in adolescence across the three 

validation STELAR cohorts and then classified those children as diseased or not, based on their risk. 

Accordingly, I assessed the predictive ability of the models throughout their overall performance, 

calibration and discrimination measures (114). 

An important overall performance measure is the Brier score (114); it can assume values from zero 

to one, with smaller values representing better results. This measure is generally deconstructed into 

three components—uncertainty, reliability and resolution. The uncertainty quantifies the 

uncertainty in the occurrence of the event. Reliability, an overall measure of calibration, calculates 

the discrepancy between the observed outcome and its predictive probability. Resolution indicates 

the precision of the prediction. These three measures were corrected for sample size as suggested 

by Ferro et al. (227). For the sake of interpretation, these three components are usually combined 

into a single value representing the Brier score. 

Calibration measures refer to the agreement between observed outcomes and predictions (105, 

114). They can be assessed graphically using 1) a calibration plot, which is a simple scatter plot with 

predicted and observed values along the two axes, or 2) the Hosmer-Lemeshow goodness-of-fit test. 

However, the scatter plot is not appropriate for binary data, and the Hosmer-Lemeshow test has 

several drawbacks, including limited power and poor interpretability, as it only returns a chi-square 

value and p-value (105, 228).  

Discrimination measures refer to the ability of a model to distinguish between subjects with and 

without the outcome of interest. These measures can be obtained by a contingency table, often 

called a confusion matrix or classification matrix, which can be used to classify problems where the 

outcome is binary or categorical. For a binary classification problem (such as disease presence or 

absence), a confusion matrix has two dimensions—one dimension is defined by the observed 

outcome of a subject, and the other is indexed by predicted outcome for the same subject estimated 

by a predictive model (Table 5.1).  
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Table 5.1: Confusion matrix for binary classification 

  Predicted class: disease  Predicted class: no disease 

Observed class: disease True Positive (TP) False Negative (FN) 

Observed class: no disease False Positive (FP) True Negative (TN) 

This matrix contains four possible situations, which enables us to derive the discrimination 

measures; the four counts are true positive (TP), true negative (TN), false positive (FP) and false 

negative (FN). True positives are the number of subjects with positive clinical outcomes correctly 

predicted. True negatives (TN) specify the number of subjects with negative clinical outcomes 

correctly predicted. False positives (FP) refer to the number of subjects with predicted positive 

clinical outcomes who were misclassified, as they actually had negative outcomes. False negatives 

(FN) refer to the number of subjects with predicted negative clinical outcomes who were 

misclassified. Table 5.2 presents the most common measures for a binary classification based on the 

values of the confusion matrix. 

Table 5.2: Discrimination measures obtained by confusion matrix 

Measure Formula Evaluation focus 

Sensitivity 𝑇𝑃/(𝑇𝑃 + 𝐹𝑁)  
Effectiveness of a predictive model to 

identify subjects with the disease 

Specificity 𝑇𝑁/(𝑇𝑁 + 𝐹𝑃)  
Effectiveness of a predictive model to 

identify subjects without the disease 

Positive predictive value 𝑇𝑃/(𝑇𝑃 + 𝐹𝑃)  
Precision of predictive model to 

identify subjects with the disease 

Negative predictive value 𝑇𝑁/(𝑇𝑁 + 𝐹𝑁)  

Agreement between observed values 

with the negative values given by the 

predictive model 

The most popular discriminative measures are sensitivity, specificity, predictive values and the area 

under the receiver operating characteristic (ROC) curve (105, 114, 115).   
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Sensitivity (true positive rate) describes the proportion of subjects with the disease who were 

correctly classified within the total group of subjects with the disease, whereas specificity (true 

negative rate) defines the proportion of subjects without the disease who were correctly identified 

within the total group of subjects without disease. In other words, sensitivity relates to the potential 

of a predictive model to recognise subjects with the disease, and specificity relates to its ability to 

recognise subjects without the disease. Sensitivity and specificity are considered to be independent 

of the disease prevalence, meaning that results are generalisable and that different studies with 

different disease prevalence can be compared. Positive predictive value (PPV) defines the probability 

that a subject who was diagnosed with the condition actually has the condition. Negative predictive 

value (NPV) describes the probability of not having the condition in a subject identified without the 

disease. Predictive values are influenced by disease prevalence; therefore, predictive values from 

one study should not be transferred to another setting with a different prevalence of the disease in 

the population.  

The ROC curve graphically displays the trade-off between sensitivity and specificity and is useful for 

assigning the optimal cutoffs for clinical use. This cutoff represents the threshold for classifying 

subjects as having or not having the disease being studied that maximises the performance of the 

predictive model in terms of both sensitivity and specificity. A common method used to identify the 

optimal cut-off point is the Youden Index, which optimises the predictive model’s discriminative 

ability, giving equal weight to sensitivity and specificity (229-231). In practice, this index defines a 

threshold for classifying subjects as diseased or non-diseased by maximising the potential 

performance of the predictive model in terms of both sensitivity and specificity. Therefore, subjects 

with an individual probability lower than the Youden Index are classified as healthy, while those with 

values above the threshold are classified as diseased.  

Overall discriminative ability is often expressed as the area under the ROC curve (AUC), also known 

as the c-statistic, and indicates the probability that a randomly selected individual with the condition 

has a higher risk score than a randomly chosen subject without the condition. It has a value between 

0.5 and 1; an AUC of 1 represents perfect prediction, and an AUC of 0.5 represents useless prediction 

(no better than flipping a coin) (105, 114, 115, 232). The AUC represents the ability of a model to 
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limit misclassifications, such as false positives and false negatives. The higher the AUC is, the better 

is the discriminative ability of the predictive model. 

Likelihood ratios are measures of diagnostic accuracy and indicate the probability that a subject has 

or does not have the condition being analysed, given the results of a predictive model (115, 233). A 

likelihood ratio greater than one indicates that the test result is more likely to occur in subjects with 

the disease, whilst a likelihood ratio less than one indicates that the test result is more likely to occur  

in subjects without the disease (115, 233). Likelihood ratios above 10 and below 0.1 provide evidence 

to rule in or rule out the outcome (here, asthma), respectively (233).  

5.2.3 Missing values in candidate predictors 

Missing data in candidate predictors are common in epidemiological studies, and failing to account 

for them can lead to serious issues. Missing data can introduce bias in the parameter estimations, 

leading to poor reproducibly of the results (234, 235). Omitting subjects with missing values reduces 

sample size, which decreases statistical power (236) as well as predictive performance and increases 

standard error (234, 235). Missing values can occur for different reasons; for example, they were not 

collected by design; the respondent refused to answer and answers dropped out or respondents 

answered ‘don't know’.  

Multiple imputation (MI) is a commonly used technique to infer the values of missing data (237); this 

procedure is usually preferable to a complete case analysis in which subjects with missing values are 

excluded from the analysis (104, 238, 239). The MI procedure assumes that the data are from a 

multivariate Normal distribution and that missing values are missing completely at random (MCAR) 

or missing at random (MAR) (237). In the MCAR assumption, missing values do not depend on 

observed or unobserved data, whereas in the MAR assumption, also referred to as missing 

conditionally at random, missing values do depend on observed information and can be explained 

by the other variables in the model. Although violation of the MAR assumption can be expected in 

most cases (240), research has shown that its violation does not seriously distort parameter 

estimates (1). 
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The process of MI starts by checking the normality assumptions and whether there is a pattern to 

the missing data (for example, subjects skip follow-up visits that are scheduled on Fridays). It then 

proceeds with creating a number (m) of completed datasets where missing values are imputed by 

using well-defined imputation models. The generation of m unique estimates for each missing value 

accounts for the uncertainty associated with imputed values. Each completed dataset is then 

analysed separately, resulting in m estimates for each parameter. Finally, results are combined using 

Rubin’s Rule, which averages the m estimates from the imputed data to obtain a single estimate of 

the parameter. Then its corresponding standard error is calculated, incorporating within- and 

between-imputation uncertainty, that is, variability of parameter estimates for each imputed data 

point and discrepancy of estimates across imputed datasets. Current guidance recommends the use 

from five to 10 imputation datasets (m), according to the proportion of missing values, to obtain 

correct imputation models and reliable statistical inference (238). Next, I discuss in detail each step 

of the MI performed in the STELAR data. 

I imputed missing values of candidate predictors within each STELAR cohort by using the Multivariate 

Imputation by Chained Equations (MICE) package in R (https://cran.r-

project.org/web/packages/mice/mice.pdf). I examined the proportion of missing values as well as 

the missing data patterns among the 32 variables in each of the STELAR cohorts and then specified 

the imputation model for each variable that contained missing values. The imputation model for 

each variable was chosen based on the following guidelines: incomplete data in binary variables 

were imputed using a logistic regression model; predictive mean matching was used to impute 

missing values in continuous variables; and multinomial logistic regression was used for categorical 

variables with more than two levels. Predictive mean matching is widely used to produce 

imputations and is considered to perform better than procedures that assume normal distributions 

(241). This method imputes missing values by calculating a mean value from subjects who are most 

similar to the one with missing data, based on the distribution of the observed data. For each STELAR 

cohort, I created m=10 imputed datasets. The 10 imputed datasets of the Ashford and ASLPAC 

studies were then combined to create the development data, and the 10 imputed datasets of the 

other cohorts (IoW, MAAS and SEATON) were combined to produce the testing/validation data.  

https://cran.r-project.org/web/packages/mice/mice.pdf
https://cran.r-project.org/web/packages/mice/mice.pdf
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Statistical models were applied to each imputed dataset of the development data, and 10 sets of 

coefficients and standard errors for all predictors were obtained. Predictors were considered 

important and were included in the final predictive model when they were selected at least five 

times across the 10 imputed datasets (127). The regression coefficients were averaged across the 10 

imputed datasets, and estimation of the standard errors was computed using Rubin’s Rule (242). 

Individual predictive probabilities were obtained for each imputed dataset of the validation data and 

then averaged across the 10 sets of imputed data to define an individual’s risk of asthma and to 

assess the predictive ability of the models. Performance measures, such as AUC, were then obtained 

for each predictive model by using the Youden Index to identify the optimal cut-off point on the ROC 

curve and classify children as developing or not developing asthma in adolescence. 

5.3 Results 

5.3.1 Study population 

In total, I developed the predictive models using information on 1,153 children between the ages of 

two and five years whose parents reported wheezing episode(s). I validated the models among 523 

children with parent-reported wheezing symptoms between the ages of two and five years. These 

subjects at high risk of asthma at the age of 15–20 years include 1,008 from the ALSPAC, 145 from 

Ashford, 230 from IoW, 115 from MAAS and 178 from SEATON. The total numbers of subjects with 

asthma at age 15–20 years with available information on childhood wheezing symptoms were 139 

(26%) and 90 (24%) in the development and validation data (Table 5.3 and Table 5.4). Specifically, in 

the ALSPAC, Ashford, IoW, MAAS and SEATON studies, those numbers were 125 (26%), 14 (24%), 40 

(19%), 27 (33%), 23 (25%) (Table 5.3 and Table 5.4), respectively.  

 A large proportion of subjects reported wheezing symptoms, specifically, 193 (41.1%), 22 (36.7%), 

78 (37.3%), 33 (41.3%), 33 (36.3%) in the ALSPAC, Ashford, IoW, MAAS and SEATON studies, 

respectively. Use of asthma medication was reported in fewer subjects (Table 5.3 and Table 5.4). 

Thus, a number of subjects were classified as not having asthma because they answered positively 

to none or only one of the two following conditions for having asthma: wheezing in the past 12 

months and asthma medication in the past 12 months.  
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It is important to note that at the time that most of these cohorts were seen before the age five 

years, many children who wheezed were more likely to receive asthma diagnosis and thus to start 

asthma medications. As a result, this may have determined a circularity between definition of 

asthma and study population leading to an increase in the prevalence of outcome. 

Table 5.3: Definition of asthma at 15–20 years in children at high risk included in the development 
data  

 ALSPAC  Ashford  Development data 

 n (%) n (%) n (%) 

Age 15–20 years    

Asthma 125 (26.3) 14 (23.7) 139 (26.0) 

Current wheeze 193 (41.1) 22 (36.7) 215 (40.6) 

Asthma treatment 165 (34.8) 15 (25.4) 180 (33.7) 

Table 5.4: Definition of asthma at 15–20 years in children at high risk included in the validation data  
 IoW  MAAS  SEATON  Validation data 

 n (%) n (%) n (%) n (%) 

Age 15–20 years     

Asthma 40 (19.1%) 27 (33.3) 23 (25.0) 90 (23.6%) 

Current wheeze 78 (37.3%) 33 (41.3) 33 (36.3) 144 (37.9%) 

Asthma treatment 43 (20.6%) 30 (37.0) 34 (35.4) 107 (27.7%) 

The proportion of missing values varied among candidate predictors and cohorts (Table C.1) with 

the highest proportions of missing values in information collected at recruitment and in the first 

years of life. 

Among the STELAR cohorts, Table 5.5 summarises the characteristics collected by age five years in 

children with wheeze who are at high risk of asthma in adolescence. Overall, children across cohorts 

had similar characteristics, although those in the development dataset were generally more likely to 

have eczema in early childhood, younger mothers and started weaning earlier than children in the 

validation dataset. Some questions were asked slightly differently among the STELAR cohorts, 

including those about frequency of wheezing and eczema. Therefore, I harmonised that information 

and derived new variables that were comparable among the STELAR cohorts (see Chapter 4 - Data 

sources, paragraph 4.3). 
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Table 5.5: Characteristics collected by age five years among the STELAR cohorts in high-risk 

population 

Candidate predictor 

ASLPAC Ashford IoW MAAS SEATON 

n (%) or 
median 
(IQR) 

n (%) or 
median 
(IQR)  

n (%) or 
median 
(IQR) 

n (%) or 
median 
(IQR) 

n (%) or 
median 
(IQR) 

Sex (Female) 558 (55.4) 81 (55.9) 130 (56.5) 70 (60.9) 103 (57.9) 

SES - professional/managerial 
occupations 

260 (27.9) 27 (18.8) 20 (14.3) 49 (47.1) 67 (37.9) 

Maternal asthma 185 (18.8) 33 (22.8) 30 (13.2) 40 (34.8) 46 (25.8) 
Maternal eczema 308 (31.3) 29 (20.0) 35 (15.3) 25 (21.7) 49 (27.5) 

Maternal hayfever 393 (39.9) 49 (33.8) 45 (19.6) 41 (35.7) 63 (35.4) 

Paternal asthma 139 (15.7) 24 (16.6) 28 (12.2) 24 (20.9) 35 (19.7) 
Paternal eczema 71 (8.1) 18 (12.4) 18 (7.8) 17 (14.8) 22 (12.4) 

Older siblings 424 (75.6) 79 (54.5) 108 (57.1) 55 (47.8) 86 (48.3) 

No. of older siblings 2 (1.0) 2 (2.0) 2 (1.0) 2 (1.0) 2 (1.0) 
Birth order (first born) 137 (24.4) 66 (45.5) 84 (36.5) 55 (49.5) 92 (51.7) 

Maternal age at recruitment 28 (7.0) 27 (6.3) 26 (7.8) 30 (7.5) 30 (5.7) 

Premature birth 59 (8.8) 9 (6.2) 8 (3.5) 4 (3.5) 12 (7.1) 

Ever breast fed 784 (78.1) 88 (60.7) 186 (81.2) 84 (73.0) 127 (71.3) 
Vaginal delivery 883 (88.5) 119 (82.1) 68 (89.5) 81 (70.4) 127 (75.6) 

Age at weaning (weeks) 13 (4.0) 13 (5.4) 14 (4.0) 15 (4.0) 14 (4.0) 

Cat at 1 yr 396 (41.0) 58 (40.0) 72 (57.6) 20 (18.9) 42 (23.6) 
Cat at 4/5 yrs 406 (43.1) 43 (29.7) 83 (36.1) 20 (17.5) 38 (21.3) 

Dog at 1 yr 401 (41.5) 43 (29.7) 56 (44.8) 21 (19.8) 28 (15.7) 

Dog at 4/5 yrs 411 (43.7) 33 (22.8) 60 (26.1) 17 (14.9) 29 (16.3) 
Moved house by 2 yrs 187 (20.3) 22 (15.2) 24 (10.4) 30 (26.1) 22 (13.0) 

Maternal smoking during 
pregnancy 

185 (19.8) 39 (26.9) 60 (26.2) 13 (11.3) 26 (14.6) 

Maternal smoking at 1 yr 503 (50.9) 43 (29.7) 93 (41.5) 23 (20.0) 21 (12.5) 

Current wheeze at 1 yr 519 (51.5) 66 (45.5) 51 (22.2) 56 (48.7) 56 (31.5) 
Current wheeze at 2/3 yrs 518 (48.1) 94 (64.8) 143 (62.2) 64 (55.7) 113 (63.5) 

Current wheeze at 4/5 yrs 945 (93.8) 108 (74.5) 179 (77.8) 96 (83.5) 127 (71.3) 

Frequency of wheezing at 1 yr 
Sometimes 319 (30.9) 57 (39.3) 41 (19.1) 5 (4.3) 38 (22.8) 

Often 178 (17.2) 9 (6.2) 17 (7.9) 51 (44.3) 3 (1.8) 

Frequency of wheezing at 2/3 yrs 

Sometimes 315 (32.2) 86 (59.3) 110 (47.8) 32 (27.8) 101 (56.7) 
Often 192 (19.7) 8 (5.5) 33 (14.3) 31 (27.0) 8 (4.5) 

Frequency of wheezing at 4/5 yrs 

Sometimes 579 (58.9) 97 (66.9) 89 (38.7) 26 (22.6) 104 (63.8) 
Often 341 (34.7) 11 (7.6) 71 (30.9) 70 (60.9) 8 (4.9) 

Eczema at 1 yr 411 (40.6) 60 (41.4) 21 (9.9) 49 (42.6) 51 (28.7) 

Eczema at 2/3 yrs 404 (42.1) 65 (44.8) 60 (26.2) 45 (39.1) 73 (41.0) 
Eczema at 4/5 yrs 403 (40.7) 74 (51.0) 65 (28.3) 64 (55.7) 105 (59.0) 

Abbreviations - SES: socioeconomic status; yr(s): year(s).
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Univariable (crude) associations of candidate predictors with asthma at age 15–20 years in the 

development dataset (ALSPAC and Ashford study) are reported in the supplementary tables (Table 

C.2). In general, subjects with and without asthma in adolescence were similar with regard to most 

sociodemographic and environmental factors but differed significantly in terms of dog ownership, 

maternal history of allergic diseases and asthma-like symptoms in the first five years of life. 

Specifically, the prevalence of a doctor’s diagnosis of eczema by age five years and of having atopic 

parents was higher in children with asthma. However, dog ownership at age one year was more 

likely to be reported in subjects without asthma than in those with asthma at age 15–20 years. 

5.3.2 Model development 

Results of the predictive models in the development dataset (ALSPAC and Ashford cohorts) derived 

from stepwise regression, LASSO, elastic net (EN), Bayesian and empirical Bayes methods after 

multiple imputation of missing values are reported in Table 5.6. For all the models, odds ratios (ORs) 

are reported only for the candidate predictors selected in one or more predictive models, and 95% 

confidence intervals (95% CI) and 95% credible intervals (95% CrI) are reported for the stepwise 

regression and Bayesian method, respectively.  

In the final multivariable models developed (Table 5.6), the stepwise, LASSO, EN, Bayesian and 

empirical Bayes methods selected 11, 11, 11, 10 and 6 predictors out of 32. The classical regressions 

such as stepwise, LASSO and EN, selected the largest number of predictors, whilst the Bayesian 

method was the most parsimonious, with estimates of regression coefficients higher than the other 

methods.  

Among all five predictive methods, eczema in early childhood, maternal history of allergic disease 

and the presence of a dog in the house were important predictors. Asthma between the ages of 15–

20 years was also associated with being female, medium-low socioeconomic status, absence of a cat 

in the house and maternal smoking in early life. 
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Table 5.6: Analysis for asthma risk at 15–20 years in the high-risk population using a multiple imputation 
technique 

Predictor 

Age 15–20 yrs 
Stepwise LASSO EN EB Bayesian 

ORa (95% CIb) ORa ORa ORa ORa (95% CrIc) 

Sex (Female) 1.38 (0.92,2.09) 1.07 1.09 1.10 
 

SES (Partly-skilled occupations) 1.51 (0.95,2.39) 1.07 1.08 1.16 
 

Maternal asthma 1.77 (1.05,2.97) 1.31 1.31 1.39 1.61 (1.04,2.55) 

Maternal eczema 0.67 (0.42,1.07) 
    

Maternal hayfever 1.53 (0.99,2.37) 1.25 1.25 1.29 1.57 (1.06,2.35) 

Paternal asthma 1.66 (0.97,2.82) 1.09 1.09 
  

Cat at 1 yr 0.67 (0.44,1.03) 0.87 0.86 0.84 
 

Dog at 1 yr 0.51 (0.32,0.81) 0.71 0.72 0.67 0.60 (0.38,0.90) 

Maternal smoking at 1 yr 1.45 (0.96,2.21) 1.06 1.08 1.12 
 

Eczema at 1 yr 1.62 (1.03,2.55) 1.23 1.24 1.27 1.66 (1.05,2.53) 

Eczema at 2/3 yrs  1.25 1.26 1.25 1.69 (1.06,2.80) 

Eczema at 4/5 yrs 2.10 (1.34,3.31) 1.60 1.56 1.65 2.13 (1.34,3.23) 

No. of predictors selected 11 11 11 10 6 

Abbreviations – Stepwise: stepwise regression; LASSO: least absolute shrinkage and selection operator; EN: 
elastic net; EB: empirical Bayes; SES: socioeconomic status; yr(s): year(s).  
aOdds ratio (OR) of asthma at age 15–20 years for each candidate predictor, adjusting for all the others.  
b95% confidence interval.  
c95% credible interval. 
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5.3.3 External validation of model performance  

In order to assess model performance, an individual’s probability of developing asthma at age 15–

20 years was predicted by the `regression coefficients of the models previously described, and the 

optimal cut-off of the ROC curve, derived using the Youden Index, was used to classify which 

individuals were predicted to develop asthma in adolescence. Performance measures of all the 

models from the main analysis, including sensitivity, specificity, predictive values and likelihood 

ratios, as well as their confidence intervals, are reported in Table 5.7.  

Table 5.7: Performance measures for the analysis in the high-risk population using a multiple imputation 
technique 

Performance measure 
Age 15–20 years 

Stepwise LASSO EN EB Bayesian 

Sensitivity (95% CI) 
0.79 
(0.69,0.87) 

0.64 
(0.54,0.74) 

0.64 
(0.54,0.74) 

0.64 
(0.54,0.74) 

0.60 
(0.49,0.70) 

Specificity (95% CI) 
0.50 
(0.44,0.56) 

0.64 
(0.58,0.69) 

0.63 
(0.57,0.68) 

0.64 
(0.58,0.69) 

0.67 
(0.61,0.73) 

PPV (95% CI) 
0.33 
(0.26,0.39) 

0.35 
(0.28,0.43) 

0.35 
(0.28,0.43) 

0.35 
(0.28,0.43) 

0.36 
(0.28,0.44) 

NPV (95% CI) 
0.88 
(0.83,0.93) 

0.85 
(0.80,0.90) 

0.85 
(0.80,0.90) 

0.85 
(0.80,0.90) 

0.85 
(0.79,0.89) 

LR+ (95% CI) 
1.57 
(1.34,1.83) 

1.78 
(1.43,2.20) 

1.73 
(1.39,2.14) 

1.78 
(1.43,2.20) 

1.83 
(1.44,2.31) 

LR– (95% CI) 
0.43 
(0.28,0.64) 

0.56 
(0.42,0.75) 

0.57 
(0.42,0.76) 

0.56 
(0.42,0.75) 

0.60 
(0.46,0.78) 

Youden Index (95% CI) 
0.29 
(0.13,0.42) 

0.28 
(0.12,0.44) 

0.27 
(0.11,0.43) 

0.28 
(0.12,0.44) 

0.27 
(0.11,0.43) 

AUC (95% CI) 
0.66 
(0.60,0.72) 

0.67 
(0.61,0.74) 

0.67 
(0.61,0.74) 

0.68 
(0.61,0.74) 

0.67 
(0.60,0.73) 

Brier score 0.44 0.36 0.37 0.36 0.35 

HL test (p-value) >0.99 >0.99 >0.99 >0.99 0.84 

Abbreviations – Stepwise: stepwise regression; LASSO:  least absolute shrinkage and selection operator; EN: elastic 
net; EB: empirical Bayes; 95% CI: 95% confidence interval; PPV: positive predictive value; NPV: negative predictive 
value; LR+: positive likelihood ratio; LR–: negative likelihood ratio; AUC: area under the receiver operating characteristic 
curve; HL: Hosmer-Lemeshow test. 
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Overall, the discriminative measures of the models evaluated in the validation data were comparable, 

with sensitivity ranging from 0.60 to 0.79, positive predictive value from 0.33 to 0.36, specificity from 

0.50 to 0.67 and negative predictive value from 0.85 to 0.88. Although performance measures of 

LASSO, EN and EB were analogous, stepwise regression provided better sensitivity, negative 

predictive value and negative likelihood ratio than all other models. However, the Bayesian method, 

which resulted in the most parsimonious model, showed good predictive performance, with 

moderately higher specificity, positive predictive value and positive likelihood ratio compared to the 

other models and comparable discriminative ability as well as calibration. 

As a trade-off between sensitivity and specificity, the AUC can be used to assess overall 

discriminative ability; this measure varied between 0.66 and 0.68, with stepwise regression being 

the least accurate model. The Brier scores varied from 0.36 to 0.44 suggesting moderate overall 

agreement between the predicted probabilities of later asthma and the observed values in the data. 

The Hosmer-Lemeshow showed p-value > 0.001, providing evidence that the models are a good fit 

(although this test has been highly criticized, as it tends to have low power and does not take 

overfitting into account).  

5.4 Discussion 

5.4.1 Main findings  

The use of a large network of participants together with recently developed statistical approaches, 

such as the Bayesian regularization method, may have the potential to identify the most important 

asthma predictors and improve our ability to predict who might develop asthma. To my knowledge, 

this is the first study to predict asthma at age 15–20 years, making these results important for future 

research and studies. Evaluation of predictive performance by a wide range of measurements, such 

as discrimination, calibration and accuracy measures, and external validation of my predictive 

models demonstrated elevated generalisability of results in external populations showing potential 

for their applicability in clinical practice and medical research.  

I applied several statistical methods to develop a predictive model in two prospective UK cohorts 

and externally validated them using information from three other birth cohort studies, in order to 
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predict asthma in adolescence among preschool children (age of two and five years) with wheezing 

symptoms. I included 32 candidate predictors collected by the age of five years, and my predictive 

models selected from 6 to 11 predictors representing variables such as sex, contact with animals, 

eczema in early childhood and parental history of allergies. The factors found to be important for 

predicting late asthma are in broad agreement with those of other prospective studies (141).  

Generally, advanced methods, such as EB and the Bayesian method, were more parsimonious than 

the stepwise and classical penalized regression methods, suggesting that more sophisticated 

techniques might be more suitable for identifying predictors associated with asthma development 

in adolescence. Results presented in this chapter show good external validity, with predictive ability 

(measured by the AUC) of over 65% among the five models, suggesting good generalisability to 

external populations. However, advanced statistical methods (EB and the Bayesian method) 

provided similar or moderate improvement in predictive performance compared to classical 

methods. Performance measures among LASSO, EN and EB were very similar. Stepwise regression 

provided better sensitivity, negative predictive value and negative likelihood ratio than all other 

models, while the Bayesian regularization method had higher specificity, positive predictive values 

and positive likelihood ratio compared to all other methods. Specifically, stepwise regression 

provided a sensitivity of 0.79 and positive predictive value of 0.33. Therefore, the chance that a 

subject is classified with late asthma is 79%, but among them only 33% truly have the condition. The 

Bayesian method provided a sensitivity of 0.60 and positive predictive value of 0.36, suggesting that 

this method has only 36% chance of identifying subjects who truly develop the disease at 15–20 

years. Difference in predictive performance between stepwise and the other methods may be due 

to the type of predictors selected and their estimates. In fact, stepwise regression is the only method 

that excluded eczema at age two to three years but included maternal eczema in the final model.  

Variation in predictive performance among methods may also depends by differences in proportion 

of false results (false negative and false positive), as they are included in the calculation of 

discriminative measures such as sensitivity and predictive values. The lower false negative are, the 

higher is sensitivity (Table 5.2). On the other hand, the lower false positive, the higher is specificity 

(Table 5.2). False-positive results occur when the predictive model forecasts a condition in subjects 

who ultimately do not develop it; false-negative results indicate individuals who are wrongly 
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predicted not to develop the condition that they do develop. The major costs of false-positive 

predictions include patients’ or their caregivers’ anxiety (which, itself, can lead to the development 

of other conditions) and the use of unnecessary treatments leading to avoidable side-effects and 

expenses. Conversely, the costs of false-negative predictions include delay in searching for medical 

help and inappropriate reassurance. These errors in identifying individuals can affect their health 

care costs and quality of life (243). Negative predictive value was high (over 85%) among all methods 

presented in this chapter, suggesting that they can correctly classify subjects without asthma and 

that the probability of false-negative results is low. Conversely, positive predictive value was low 

(below 36%), indicating a high chance of false-positive results and thus of misclassifying subjects who 

ultimately do not develop late asthma. 

Given the data, no model stood out as being better at predicting asthma in adolescence. The 

seemingly obvious environmental as well as symptoms collected at five years might be not sufficient 

to figure out what will cause some wheezy children to develop asthma and others not to. Perhaps 

there are other factors such as genetic and immunological information that can describe the 

pathogenesis of such respiratory condition and predict this in adolescence. 

5.4.2 Comparison with existing asthma predictive models  

Several predictive models have been proposed by others to estimate the risk of late asthma among 

preschool children (85, 86, 90-92, 139, 140). Five of them aimed to validate existing predictive 

models in independent populations (90-92, 139, 140). The rest focused on developing new predictive 

models, and were internally validated (88, 106-108, 133) or not validated (87, 89, 94, 98, 131, 132, 

134), leading to potentially poor generalisability and transportability of the results. The predictive 

models that have been externally validated were reviewed in Chapter 2 (Validation of childhood 

asthma predictive models: a systematic review). Of the methods that were externally validated, only 

one study [Pescatore et al. (106)] applied an advanced method, such as LASSO; this method was 

developed in children aged one to three years with parent-reported wheeze or chronic cough to 

predict asthma at seven to eight years. Pescatore’s risk score tested 24 candidate predictors 

collected in the first three years of life, with only ten of them included in the final model.  
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The most important predictors were related to wheezing symptoms, such as shortness of breath, 

frequent wheeze, wheeze without colds, activity disturbance by wheeze, and wheeze/cough 

triggered by exercise. This risk score showed, at age eight years, high sensitivity, positive likelihood 

ratio and an AUC of 0.74. Similar results were obtained in the external validation study (140), 

suggesting high generabilizability of their findings. However, their risk score attempted to predict 

asthma at school age by using information collected at preschool age. Since their age at outcome 

assessment is different than the one in the present study, and predictive performance is highly 

dependent on age at outcome assessment, comparison between my model and those reported in 

Chapter 2 (Validation of childhood asthma predictive models: a systematic review) is not feasible. In 

fact, prediction is more challenging when the outcome is assessed farther into the future, compared 

to the collection time of predictors. Although asthma symptoms are common at preschool age, they  

frequently decline during school age but sometimes recur in adolescence (5, 6). Consequently, if 

physicians could predict whether children with asthma-like symptoms at preschool age would 

develop asthma in adolescence, such an early prognosis could prevent over-treatment of some 

children and help others take preventive steps to mitigate it, particularly if environmental factors 

are involved. 

Chatzimichail and colleagues (106) achieved good predictive performance using retrospective data  

from 112 children who had a doctor’s diagnosis of asthma in the Paediatric Department of the 

University Hospital of Alexandroupolis, Greece. In total, 46 predictors were included in the statistical 

model developed by using principal component analysis and least square support vector machine 

classifier methods. The evaluation of its performance was assessed by internal validation (10-fold 

cross-validation). In comparison with my predictive model, Chatzimichail et al. (106) included 

information that was not available in all STELAR cohorts and thus was not tested, such as number of 

family members, type of domestic heating, allergic conjunctivitis, dyspnoea, seasonal symptoms, 

breathing tests (FEV1% and forced expiratory flow at 25–75% [FEF25/75]), IgE Units Per Millilitre 

[U/Ml] and pharmacological therapy (bronchodilators, corticosteroids, antileucotrines, 

antihistamines). That additional data, together with the use of advanced statistical methods, may 

have increased the sensitivity and specificity of their model compared to my predictive model.  
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However, their predictive model remains difficult to apply in clinical practice and to replicate in 

future studies, as some of the 46 predictors are difficult to collect. Furthermore, lack of external 

validation might have resulted in model overfitting and overly optimistic estimates of predictive 

performance. The lack of reporting measures, such as Brier score or AUC, makes it difficult to fully 

compare their predictive model with mine. Thus, the studies by Pescatore et al. and Chatzimichail et 

al., along with results provided in this chapter, suggest that a suitable set of predictors and advanced 

statistical methods may be the next step forward for asthma prediction. 

5.4.3 Strengths and limitations of this work 

The main strength of this study is the prospective design of the five UK asthma birth cohorts and the 

length of their follow-up periods, from birth to adolescence. This allowed me to predict asthma at 

15–20 years, which has not been done for those cohorts. To my knowledge, The STELAR data is the 

largest dataset of its kind, including over 20,000 children. Second, I tested a number of candidate 

predictors simultaneously by using advanced statistical methods; all of the information for those 

predictors can be obtained easily in clinical practice or by using a questionnaire. Third, I applied and 

compared different advanced regularization techniques within classical and Bayesian frameworks, 

to account for model overfitting and sample variability (125, 200, 244-248) and externally evaluated 

their predictive performance by using three ‘plausible’ populations within the STELAR consortium.  

An advanced method (the Bayesian model) was the most parsimonious method (six predictors) 

compared to  the others (10-11 predictors) that also provided comparable predictive performance; 

hence, sophisticated techniques might be more appropriate to identify predictors associated to 

asthma at 15–20 years. Finally, I used the TRIPOD guideline (125) to report the main characteristics 

of my predictive models as well as their performance measures in order to allow for a fair 

comparison between my predictive models and existing models.  

This study also had limitations. First, information was collected at comparable but not identical ages 

among the STELAR cohorts. The five UK birth cohorts were designed independent of each other and 

organized into a consortium post hoc; therefore, data on study children, their parents and their 

habitats were collected at different follow-up times.  
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Because children at similar ages have broadly similar characteristics and asthma-like symptoms, 

those differences likely have a low impact on the selection and estimation of the effects of predictors 

and thus on the performance of the predictive models (see Table 5.5). In addition, external validation 

enables one to generalize results to other populations, limiting potential differences among cohorts. 

Second, information about respiratory symptoms was collected through similarly worded 

questionnaires based on the International Study of Asthma and Allergies in Childhood (ISAAC) (165, 

166); however, these self-reports reflect subjective interpretation of respiratory symptoms, which 

could lead to biased estimation of statistical results and poor transportability of findings. 

Nevertheless, the ISAAC questionnaire has been validated in different countries and populations, 

and it shows good repeatability and validity (249-253). Third, the long follow-up period resulted in 

fewer participating children. Fourth, asthma at 15-20 years was defined by both current wheezing 

and asthma medication leading, potentially, to the exclusion of individuals who do not wheeze due 

to their asthma treatment; this is likely to be a small proportion of individuals with a low impact on 

the performance of the predictive model. Finally, my study has was not validated outside the UK; 

therefore, my predictive models may have different predictive performance when tested in different 

countries.  

5.5 Conclusion 

There has been considerable interest in predictive models in modern clinical medicine, and 

policymakers are increasingly recommending their use in clinical practice guidelines (125). I 

presented several approaches that are able to estimate regression coefficients as well as perform 

variable selection for high-dimensional data. Logistic stepwise regression, LASSO, EN, Bayesian and 

empirical Bayes regularization methods were applied to predict asthma at age 15–20 years and to 

identify the best predictors for a large set of covariates. Variable selection and estimation of 

coefficients were described, and methods used for predictive performance (sensitivity, specificity, 

predictive values and AUC) were compared. Although the Bayesian method included just over half 

of the predictors included in the other models, that method had comparable predictive 

performance. Given that parsimonious models that have comparable performance measures are 
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usually preferred, the Bayesian method can be considered the best method for predicting the 

development of asthma between the ages of 15 and 20 years.   

In the following chapter, I will explore whether prediction of asthma between age 15 and 20 years 

can be improved by including additional information collected in middle childhood. Specifically, I will 

apply only the Bayesian method to examine whether prediction ability can be improved by adding 

extra information collected from age five to 10 years, including respiratory symptoms and clinical 

measures, such as skin prick testing. 
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6 Chapter 6 – Further 
investigations using the 
Bayesian model 

A number of asthma predictive models have been developed to forecast asthma in childhood, but 

they have shown limited clinical relevance. As discussed in Chapter 2, only a few of them have been 

externally validated and their predictive ability assessed in different populations with comparable 

characteristics in similar clinical settings. Those predictive models were developed and validated to 

forecast asthma in the first 10 years of life, and none of them showed outstanding predictive ability. 

None of the existing asthma predictive models predicted asthma in adolescence; by being able to 

predict the risk of a child developing asthma in adolescence, physicians could identify high-risk 

children and work to mitigate the development or progression of the disease. It would also be helpful 

to parents, who could attempt to reduce environmental exposures that exacerbate asthma. It would 

also assist in the design of, and recruitment to, studies of novel treatments. Conversely, accurately 

identifying children at low risk of developing asthma would help prevent the over-treatment of 

children with wheezing symptoms, thereby decreasing the incidence of side effects (83) and 

reducing costs of healthcare services (84).  

Studies that aimed at identifying children who will likely develop asthma could be grouped into two 

main categories—studies of the general population recruited either at birth or through healthcare 

practices, schools or local registries and studies of children at high risk of developing late asthma, by 

recruiting infants born to allergic parents, approaching symptomatic children recruited at healthcare 

practices or schools or looking at children hospitalized for asthma symptoms. The API was the only 

model developed in a general population and externally validated in both the general population 

and in children at high risk of later asthma (see details in Chapter 2, Validation of childhood asthma 
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predictive models: a systematic review). Therefore, there is a need to develop a predictive model to 

predict asthma in adolescence in both populations.  

Existing asthma predictive models tested a different set of candidate predictors collected at 

preschool age, making it difficult to compare models and to identify the most important predictors 

of later asthma. The existing asthma predictive models mainly assessed clinical characteristics 

collected at preschool age. Other potential predictors, such as environmental exposures and 

objective measurements, apart from blood eosinophilia (87), that are potentially associated with 

asthma development, were not considered in those models. The sole use of parent-reported 

information collected at preschool age, as for the analysis presented in the previous chapter of this 

PhD thesis, might be not sufficient to properly characterize either the health outcome or its 

candidate predictors. The need for objective measures, including  more unbiased information, might 

be necessary to accurately disentangle predictions for children who have different disease entities 

that have respiratory symptoms similar to those of asthma and to explore the severity of such 

conditions. 

This chapter will extend the findings of the previous chapter by using the Bayesian method to 

examine whether adding to the model extra information collected in mid-childhood, such as 

respiratory symptoms and some clinical measures (skin prick testing), could improve its predictive 

accuracy and clinical applicability to forecast asthma at age 15–20 years. These expanded models 

will be applied not only to symptomatic children considered to be at high risk of asthma later in life 

(specifically, those with wheezing symptoms at preschool age) but also to the full STELAR population, 

which includes all children recruited at birth among the cohorts. 

6.1 Methods 

6.1.1 Definition of target population and outcome 

The analyses presented in this chapter were performed considering 1) all children recruited at birth 

among the five STELAR cohorts, to identify common characteristics within the general population; 

2) a subgroup of study children with parent-reported wheeze between the ages of two and five 

years, who are at higher risk of asthma in adolescence.  
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The first group includes 14,451 children from the ALSPAC, 642 from Ashford, 1,456 from IoW, 1,184 

from MAAS and 1,924 from SEATON, respectively, while the second group involves 1,008; 145; 230; 

115 and 178 children from the same STELAR cohorts, respectively. Details on the STELAR cohorts can 

be found in Chapter 4 (Data sources, paragraph 4.1.1).  

As reported in Chapter 5, current asthma was defined as the outcome and was assessed between 

15 and 20 years of age, in order to develop models to predict the condition in adolescence. Full 

definition of asthma at 15–20 years can be found in Chapter 5 (Comparison of statistical methods 

for the prediction of asthma at 15–20 years, paragraph 5.1.2).  

6.1.2 Potential predictive variables 

In addition to the predictors described and used in Chapter 5 (Comparison of statistical methods for 

the prediction of asthma at 15–20 years, paragraph 5.1.3), a number of candidate predictors 

collected from age five to 10 years will be tested in this chapter, including wheezing symptoms 

between eight and 10 years, doctors’ assessments and skin prick test results. Details on the 

harmonisation procedure as well as a list of candidate predictors can be found in Chapter 4 (Data 

sources, paragraph 4.3). As discussed in the previous chapter, missing values were imputed within 

the STELAR cohorts by using the MICE technique. Additional information on imputing missing values 

is described in Chapter 5 (Comparison of statistical methods for the prediction of asthma at 15–20 

years, paragraph 5.2.3). 

6.1.3 Statistical analysis 

Similar to the statistical analysis described in the previous chapter, the present analysis was 

performed using a two-step approach: a development process followed by an evaluation of the 

predictive models (additional information is reported in Chapter 5 - Comparison of statistical 

methods for the prediction of asthma at 15–20 years, paragraph 5.2). 

I developed four nested models that differ in terms of the candidate predictors considered, and I 

tested them in both general and high-risk populations:  
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 Model A included predictors collected by age five years (32 candidate predictors tested), and 

is the same model presented in Chapter 5 (Comparison of statistical methods for the 

prediction of asthma at 15–20 years);  

 Model B tested predictors collected by age five years and wheezing symptoms up to age 10  

years (34 candidate predictors tested);  

 Model C consisted of predictors tested in model B and asthma related information collected 

up to age eight, such as doctor’s diagnosis of asthma and use of asthma medications (36 

candidate predictors tested); 

 Model D tested all predictors in model C and information collected by age 10 years including 

objective measurements such as skin prick test results (39 candidate predictors tested).  

Finally, I evaluated the performance of those predictive models by measures of sensitivity, 

specificity, predictive values, area under the ROC curve and predictive values and calibration 

measures (additional information in Chapter 5, Comparison of statistical methods for the prediction 

of asthma at 15–20 years, paragraph 5.2.2).   

As discussed in previous chapter, the ALSPAC and Ashford cohorts (development/training data) were 

used to develop the predictive models, and the other studies (validation/testing data) were used to 

externally validate their predictive abilities. Figure 6.1 shows definition of the target populations and 

number of subjects among STELAR cohorts used for the statistical analysis.  

Figure 6.1: Definition of target populations in the STELAR consortium 

IoW MAAS SEATON 

n = 1,456  

n = 230  

n = 1,184  

n = 115  

n = 1,924  

n = 178  

Validation data 

ALSPAC Ashford 

n = 14,451 

n = 1,008  

n = 642  

n = 145  

STELAR consortium 

UK Cohort 

Study participants 

Wheezy children between 

2 and 5 years 

Development data 
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6.2 Results 

6.2.1 Study population 

I developed the predictive models using information on 15,093 children from the general population 

and 1,153 children at high risk. In the general population (Table 6.1), 397 (7.9%) adolescents with 

complete information on the outcome had asthma at age 15–20 years, and in the high-risk 

population (Table 5.3) 139 (26.0%) did. The predictive models were validated in 4,564 and 523 

children in the general population (Table 6.2) and subjects at high risk (Table 5.4), respectively. 

Among the general population, the number of adolescents with asthma at age 15–20 years was 302 

(10.0%) (Table 6.2), while in the high-risk population it was 90 (23.6%) (Table 5.4).  

Table 6.1: Definition of asthma at age 15–20 years in the general population included in the 
development data 

Age 15–20 years 
ALSPAC  Ashford  Development data  
n (%) n (%) n (%) 

Asthma  375 (7.9) 22 (9.1) 397 (7.9)  

Current wheeze  839 (17.6) 48 (19.6) 887 (17.7)  

Asthma treatment  541 (11.3) 24 (10.0) 565 (11.2)  

 
Table 6.2: Definition of asthma at age 15–20 years in the general population included in the 
validation data 

Age 15–20 years 
IoW  MAAS  SEATON  Validation data 
n (%) n (%) n (%) n (%) 

Asthma  143 (10.9%) 98 (13.0) 61 (8.6) 302 (10.9%) 

Current wheeze  294 (6.6%) 127 (17.2) 115 (15.9) 536 (9.1%) 

Asthma treatment  159 (12.1%) 128 (17.0) 96 (13.3) 383 (13.7%) 

The proportions of missing values varied among candidate predictors and study cohorts (Table D.1 

and Table D.2). Table 6.3 and Table 6.4 summarise the characteristics of the general population and 

study children at high risk, respectively. Children across cohorts had similar characteristics; however, 

those in the development data and general population had less wheezing symptoms at 10 years and 

were more likely to have allergic mothers as well as younger mothers, to have moved house by age 

two years and started weaning earlier than children in the validation dataset. Children at high risk 

were more likely to be atopic, first born and to have at least one parent with an allergic disease 

(asthma, hayfever or eczema) compared to those in the general population.  
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Table 6.3: Characteristics collected by age 10 years among the STELAR cohorts in the general population 

Candidate predictor 

ASLPAC Ashford IoW MAAS SEATON 

n (%) or 
median (IQR) 

n (%) or 
median (IQR) 

n (%) or  
median (IQR) 

n (%) or  
median (IQR) 

n (%) or  
median (IQR) 

Sex (Female) 7313 (51.7) 342 (53.4) 786 (51.2) 642 (54.2) 973 (50.5) 

SES - professional/managerial 
occupations 

3158 (26.4) 76 (12.0) 116 (16.0) 615 (61.2) 668 (34.0) 

Maternal asthma 1437 (11.4) 90 (14.0) 145 (9.6) 231 (19.5) 334 (16.7) 

Maternal eczema 2847 (22.6) 117 (18.2) 183 (12.1) 186 (15.7) 329 (16.4) 

Maternal hayfever 3870 (30.7) 168 (26.2) 305 (20.1) 311 (26.3) 498 (24.8) 

Paternal asthma 870 (9.0) 86 (13.4) 149 (9.9) 161 (13.6) 274 (13.7) 

Paternal eczema 576 (6.0) 85 (13.3) 97 (6.4) 119 (10.1) 180 (9.0) 

No. of older siblings 2 (1.0) 2 (1.0) 2 (1.0) 2 (1.0) 2 (1.0) 

Birth order (first born) 1257 (23.5) 270 (42.1) 516 (42.4) 477 (44.3) 989 (49.3) 

Maternal age at recruitment 28 (6.0) 28 (6.0) 26 (7.0) 31 (6.3) 30 (7.1) 

Premature birth 858 (10.1) 44 (6.9) 49 (3.3) 43 (4.0) 151 (8.0) 

Ever breast fed 9379 (73.7) 388 (62.3) 1058 (77.3) 788 (71.8) 1179 (70.7) 

Vaginal delivery 6907 (82.3) 505 (79.0) 395 (91.0) 780 (76.5) 1448 (78.4) 

Age at weaning (weeks) 13 (4.3) 13 (5.4) 14 (4.0) 15 (4.0) 15 (3.0) 

Cat at 1 yr 4552 (41.7) 255 (39.7) 407 (56.6) 205 (20.0) 368 (22.3) 

Cat at 4/5 yrs 4192 (44.2) 182 (22.4) 450 (28.9) 216 (15.4) 318 (17.6) 

Dog at 1 yr 4678 (42.8) 183 (28.5) 353 (49.1) 174 (16.9) 289 (17.5) 

Dog at 4/5 yrs 4131 (26.5) 144 (32.7) 352 (6.4) 168 (34.0) 298 (21.5) 

Moved house by 2 yrs 1984 (19.8) 117 (18.8) 135 (11.1) 198 (16.7) 178 (11.7) 

Maternal smoking during 
pregnancy 

2645 (20.8) 135 (21.0) 393 (26.0) 119 (10.1) 352 (17.6) 

Maternal smoking at 1 yr 6611 (49.5) 140 (22.5) 581 (43.1) 174 (14.7) 220 (14.5) 

Current wheeze at 1 yr 4206 (34.7) 267 (42.9) 164 (12.2) 202 (39.1) 267 (16.2) 

Current wheeze at 2/3 yrs 1336 (13.4) 189 (30.6) 183 (15.7) 242 (22.6) 213 (15.5) 

Current wheeze at 4/5 yrs 1049 (12.1) 108 (17.9) 261 (21.4) 240 (22.5) 162 (12.9) 

Current wheeze at 8 or 10 yrs 820 (9.9) 79 (13.3) 259 (18.9) 185 (18.0) 147 (15.8) 

Frequency of wheezing at 1 yr     

Sometimes 2657 (22.0) 250 (40.1) 112 (8.8) 7 (1.4) 180 (11.1) 

Often 834 (6.9) 17 (2.7) 51 (4.0) 195 (37.7) 12 (0.7) 

Frequency of wheezing at 2/3 yrs     

Sometimes 1271 (12.5) 175 (28.4) 144 (12.4) 99 (9.2) 168 (12.2) 

Often 439 (4.3) 14 (2.3) 39 (3.4) 137 (12.8) 17 (1.2) 

Frequency of wheezing at 4/5 yrs     

Sometimes 636 (7.4) 97 (16.1) 109 (8.9) 88 (8.2) 123 (10.0) 

Often 363 (4.2) 11 (1.8) 91 (7.5) 152 (14.2) 10 (0.8) 

Frequency of wheezing at 8 or 10 yrs 

Sometimes 590 (7.2) 72 (12.1) 152 (11.6) 125 (12.2) 93 (10.1) 

Often 187 (2.3) 7 (1.2) 107 (8.1) 59 (5.8) 48 (5.2) 

Eczema at 1 yr 2935 (7.7) 204 (16.4) 80 (9.7) 176 (9.6) 356 (10.1) 

Eczema at 2/3 yrs 2707 (26.5) 234 (37.9) 259 (21.1) 374 (34.9) 399 (29.0) 

Eczema at 4/5 yrs 2258 (24.2) 230 (38.1) 279 (22.9) 504 (47.1) 524 (41.8) 

DD asthma by 4/5 or 7.5 yrs 1656 (20.4) 118 (19.5) 182 (14.9) 252 (23.6) 146 (11.7) 

Asthma treatment at 4/5 or 6.4 yrs 1226 (14.8) 98 (16.3) 177 (14.5) 254 (23.8) 145 (11.6) 

SPT cat at 4/5 or 7 yrs 455 (6.8) 35 (6.4) 51 (5.2) 104 (10.9) 54 (7.7) 

SPT house dust mite at 4/5 or 7 yrs 848 (12.6) 39 (7.1) 105 (10.7) 172 (18.0) 71 (10.1) 

SPT mixed grass at 4/5 or 7 yrs 796 (11.8) 33 (6.0) 69 (7.1) 172 (18.0) 72 (10.3) 

Abbreviations - SES: socioeconomic status; yr(s): years; DD: doctor’s diagnosis; SPT: skin prick testing . 
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Table 6.4: Characteristics collected by age 10 years among the STELAR cohorts in high-risk population 

Candidate predictor 
ASLPAC Ashford IoW MAAS SEATON 

n (%) or 
median (IQR) 

n (%) or 
median (IQR)  

n (%) or 
median (IQR) 

n (%) or 
median (IQR) 

n (%) or 
median (IQR) 

Sex (Female) 558 (55.4) 81 (55.9) 130 (56.5) 70 (60.9) 103 (57.9) 

SES - professional/managerial 
occupations 

260 (27.9) 27 (18.8) 20 (14.3) 49 (47.1) 67 (37.9) 

Maternal asthma 185 (18.8) 33 (22.8) 30 (13.2) 40 (34.8) 46 (25.8) 

Maternal eczema 308 (31.3) 29 (20.0) 35 (15.3) 25 (21.7) 49 (27.5) 

Maternal hayfever 393 (39.9) 49 (33.8) 45 (19.6) 41 (35.7) 63 (35.4) 

Paternal asthma 139 (15.7) 24 (16.6) 28 (12.2) 24 (20.9) 35 (19.7) 

Paternal eczema 71 (8.1) 18 (12.4) 18 (7.8) 17 (14.8) 22 (12.4) 

Older siblings 424 (75.6) 79 (54.5) 108 (57.1) 55 (47.8) 86 (48.3) 

No. of older siblings 2 (1.0) 2 (2.0) 2 (1.0) 2 (1.0) 2 (1.0) 

Birth order (first born) 137 (24.4) 66 (45.5) 84 (36.5) 55 (49.5) 92 (51.7) 

Maternal age at recruitment 28 (7.0) 27 (6.3) 26 (7.8) 30 (7.5) 30 (5.7) 
Premature birth 59 (8.8) 9 (6.2) 8 (3.5) 4 (3.5) 12 (7.1) 

Ever breast fed 784 (78.1) 88 (60.7) 186 (81.2) 84 (73.0) 127 (71.3) 

Vaginal delivery 883 (88.5) 119 (82.1) 68 (89.5) 81 (70.4) 127 (75.6) 

Age at weaning (weeks) 13 (4.0) 13 (5.4) 14 (4.0) 15 (4.0) 14 (4.0) 

Cat at 1 yr 396 (41.0) 58 (40.0) 72 (57.6) 20 (18.9) 42 (23.6) 

Cat at 4/5 yrs 406 (43.1) 43 (29.7) 83 (36.1) 20 (17.5) 38 (21.3) 

Dog at 1 yr 401 (41.5) 43 (29.7) 56 (44.8) 21 (19.8) 28 (15.7) 

Dog at 4/5 yrs 411 (43.7) 33 (22.8) 60 (26.1) 17 (14.9) 29 (16.3) 

Moved house by 2 yrs 187 (20.3) 22 (15.2) 24 (10.4) 30 (26.1) 22 (13.0) 

Maternal smoking during pregnancy 185 (19.8) 39 (26.9) 60 (26.2) 13 (11.3) 26 (14.6) 

Maternal smoking at 1 yr 503 (50.9) 43 (29.7) 93 (41.5) 23 (20.0) 21 (12.5) 
Current wheeze at 1 yr 519 (51.5) 66 (45.5) 51 (22.2) 56 (48.7) 56 (31.5) 

Current wheeze at 2/3 yrs 518 (48.1) 94 (64.8) 143 (62.2) 64 (55.7) 113 (63.5) 

Current wheeze at 4/5 yrs 945 (93.8) 108 (74.5) 179 (77.8) 96 (83.5) 127 (71.3) 

Current wheeze at 8 or 10 yrs 881 (9.9) 79 (13.3) 249 (18.3) 185 (18.0) 147 (15.8) 

Frequency of wheezing at 1 yr 

Sometimes 319 (30.9) 57 (39.3) 41 (19.1) 5 (4.3) 38 (22.8) 

Often 178 (17.2) 9 (6.2) 17 (7.9) 51 (44.3) 3 (1.8) 

Frequency of wheezing at 2/3 yrs 

Sometimes 315 (32.2) 86 (59.3) 110 (47.8) 32 (27.8) 101 (56.7) 

Often 192 (19.7) 8 (5.5) 33 (14.3) 31 (27.0) 8 (4.5) 
Frequency of wheezing at 4/5 yrs 

Sometimes 579 (58.9) 97 (66.9) 89 (38.7) 26 (22.6) 104 (63.8) 

Often 341 (34.7) 11 (7.6) 71 (30.9) 70 (60.9) 8 (4.9) 

Frequency of wheezing at 8 or 10 yrs 

Sometimes 626 (7.1) 72 (12.4) 147 (11.8) 126 (12.2) 93 (10.1) 

Often 205 (2.3) 7 (1.2) 102 (8.1) 60 (5.8) 47 (5.2) 

Eczema at 1 yr 411 (40.6) 60 (41.4) 21 (9.9) 49 (42.6) 51 (28.7) 

Eczema at 2/3 yrs 404 (42.1) 65 (44.8) 60 (26.2) 45 (39.1) 73 (41.0) 

Eczema at 4/5 yrs 403 (40.7) 74 (51.0) 65 (28.3) 64 (55.7) 105 (59.0) 

DD of asthma at 4/5 or 7.5 yrs 552 (61.0) 75 (51.7) 125 (54.3) 55 (47.8) 82 (47.4) 

Asthma treatment at 4/5 or 6.4 yrs 594 (67.4) 74 (51.0) 117 (50.9) 72 (62.6) 87 (49.4) 
SPT cat at 4/5 or 7 yrs 149 (22.5) 20 (15.4) 17 (8.0) 20 (19.6) 18 (15.5) 

SPT house dust mite at 4/5 or 7 yrs 216 (32.3) 22 (16.8) 46 (21.7) 31 (30.4) 19 (16.4) 

SPT mixed grass at 4/5 or 7 yrs 179 (26.8) 17 (13.1) 22 (10.4) 31 (30.4) 18 (15.5) 

Abbreviations - SES: socioeconomic status; yr(s): years; DD: doctor’s diagnosis; SPT: skin prick testing . 
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Univariable associations of candidate predictors with asthma at age 15–20 years in the development 

dataset among the general and high-risk populations are reported in the supplementary tables 

(Table D.3 and Table D.4). Overall, subjects with and without late asthma had similar 

sociodemographic and environmental characteristics in both target populations but differed 

significantly in terms of parental history of allergic diseases and asthma-like symptoms in the first 10 

years of life. Specifically, in study subjects of both populations who had asthma in adolescence, the 

prevalence of sensitisation, atopic parents and a doctor’s diagnosis of atopic disease (asthma and 

eczema) by age five or seven years, were much higher.  

6.2.2 Predictive models 

In the development dataset (ALSPAC and Ashford cohorts), results of the predictive models derived 

from the Bayesian method after multiple imputation of missing values are reported in  Table 6.5 and 

Table 6.6. For all four models, odds ratios (ORs) and their 95% credible intervals (95% CrI) are 

reported for the candidate predictors selected in one or more predictive models. 

Overall, a smaller number of predictors was associated with asthma at age 15–20 years in the high-

risk population compared to the general population. The final multivariable models developed in the 

general population (Table 6.5), selected 13, 13, 11 and 15 predictors, compared to 6, 5, 8 and 9 

predictors for the high-risk population (Table 6.6). Models C and B were the most parsimonious 

models in both target populations followed by model D; in the general population, proportions of 

predictors selected among Model C, B and D are 30.5%, 38.2% and 38.5%, while in the high-risk 

population the proportions among those models are 22.2%, 14.7% and 23.1%.  

Model A, which tested predictors collected by age five years, and Model B, which tested predictors 

by age five and wheezing symptoms between 8 and 10 years, are similar in terms of predictors 

included in the final model and their estimates, suggesting that wheezing symptoms collected 

between ages eight and 10 years do not improve the ability to predict  asthma at 15–20 years. In 

addition, wheezing symptoms collected between eight and 10 years were not selected as predictors 

in most models in which that information was included, confirming the poor discriminative ability of 

wheezing at age eight to 10 years.  
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As expected, Models C and D, which included information on doctor’s diagnosis of asthma, use of 

asthma medication and sensitization, showed that these are important predictors for asthma in 

adolescence; they represented the top predictors in both Model C and D in both target populations, 

suggesting a strong relationship with the outcome. For this reason, collecting that information in 

clinical practice may be useful to accurately distinguish patients who will from those who will not 

develop asthma in adolescence. 

In summary, in the general population predictors selected in all models include sex, eczema in early 

childhood and parental allergies, whereas in the population of children at high risk important 

predictors among all models were parental allergy, eczema and dog in the house, with pet in the 

house being a protective factor for asthma at age 15–20 years. In both populations, allergen 

sensitization and doctor’s diagnosis of asthma were the top predictors for the models that included 

them, suggesting that these factors have great potential to predict asthma in adolescence and to be 

used in clinical practice in order to evaluate the development of this condition. These top predictors 

can indeed be considered more objective and accurate than parent-reported information and can 

be easily assessed during clinical assessments, especially doctor’s diagnosis of asthma. 
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Table 6.5: Analysis for asthma risk at age 15–20 years in the general population using multiple 
imputation technique 

Predictor 

Age 15–20 years 

Model A Model B Model C Model D 

ORa (95% CrIb) ORa (95% CrIb) ORa (95% CrIb) ORa (95% CrIb) 

Sex (Female) 1.33 (1.06,1.63) 1.39 (1.14,1.70) 1.51 (1.21,1.88) 1.80 (1.46,2.24) 

SES (Skilled manual occupations)  0.51 (0.30,1.11)   

Maternal asthma 1.39 (1.05,1.89) 1.39 (1.06,1.74)   
Maternal hayfever 1.55 (1.25,1.95) 1.61 (1.30,2.00) 1.66 (1.33,2.10) 1.50 (1.21,1.88) 
Paternal asthma 1.91 (1.44,2.51) 1.95 (1.51,2.56) 1.59 (1.22,2.13) 1.56 (1.18,2.09) 

Older siblings    1.24 (0.98,1.69) 

Maternal age at recruitment   0.95 (0.94,0.96) 0.95 (0.94,0.96) 

Ever breast fed   1.53 (1.18,2.08) 1.66 (1.27,2.26) 

Current wheeze at 2/3 yrs 1.59 (1.21,2.15) 1.73 (1.31,2.27)   
Current wheeze at 4/5 yrs 2.84 (2.07,4.15) 2.47 (1.72,3.52)   
Frequency of wheezing at 1 yr 
(Sometimes) 1.32 (1.03,1.63)   1.32 (1.06,1.63) 
Frequency of wheezing at 2/3 yrs 
(Sometimes) 1.48 (1.13,1.91) 1.47 (1.10,1.96)  1.35 (1.04,1.75) 
Frequency of wheezing at 2/3 yrs 
(Often) 1.66 (1.06,2.48) 1.60 (1.03,2.45)   
Frequency of wheezing at 4/5 yrs 
(Often) 1.94 (1.35,2.88) 2.91 (2.00,4.67) 

1.65 (1.17,2.27) 
 

Eczema at 1 yr 1.59 (1.24,2.06) 1.42 (1.12,1.86) 1.40 (1.10,1.80) 1.36 (1.07,1.74) 

Eczema at 2/3 yrs 1.44 (1.10,1.86) 1.62 (1.25,2.11) 1.59 (1.22,2.05) 1.37 (1.10,1.72) 

Eczema at 4/5 yrs 1.59 (1.24,2.00) 1.43 (1.11,1.78)   

Current wheeze at 8 or 10 yrs Not included  1.47 (1.00,2.05)  

DD of asthma at 4/5 or 7.5 yrs Not included Not included 3.57 (2.49,5.17) 3.00 (2.08,4.49) 
Asthma treatment at 4/5 or 6.4 yrs Not included Not included 2.86 (2.03,4.02) 2.47 (1.75,3.70) 

SPT cat at 4/5 or 7 yrs Not included Not included Not included 2.05 (1.52,2.81) 

SPT house dust mite at 4/5 or 7 yrs Not included Not included Not included 2.02 (1.58,2.73) 

SPT mixed grass at 4/5 or 7 yrs Not included Not included Not included 2.11 (1.58,2.82) 

No. of predictors selected 13 13 11 15 
Abbreviations – SES: socioeconomic status; yr(s): year(s); DD: doctor’s diagnosis; SPT: skin prick testing .  
aOdds ratio (OR) of asthma at age 15–20 years for each candidate predictor, adjusting for all the others.  
b95% credible interval. 
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Table 6.6: Analysis for asthma risk at 15–20 years in the high-risk population using a multiple imputation technique 

Predictor 

Age 15–20 yrs 

Model A Model B Model C Model D 

ORa (95% CrIb) ORa (95% CrIb) ORa (95% CrIb) ORa (95% CrIb) 

Sex (Female) 
  

1.67 (1.14,2.46) 1.88 (1.25,2.90) 

Maternal asthma 1.61 (1.04,2.55) 1.73 (1.12,2.78) 1.88 (1.09,2.89) 1.81 (1.09,3.26) 

Maternal hayfever 1.57 (1.06,2.35) 1.64 (1.12,2.78) 1.92 (1.25,2.93) 1.86 (1.24,2.82) 

Cat at 1 yr   0.60 (0.39,0.89) 0.58 (0.39,0.89) 

Dog at 1 yr 0.60 (0.38,0.90) 0.61 (0.39,0.91) 0.52 (0.34,0.81) 0.54 (0.34,0.84) 

Eczema at 1 yr 1.66 (1.05,2.53) 
   

Eczema at 2/3 yrs 1.69 (1.06,2.80) 1.81 (1.16,2.76) 2.05 (1.35,3.11) 1.82 (1.16,2.79) 

Eczema at 4/5 yrs 2.13 (1.34,3.23) 1.73 (1.10,2.70) 
  

Current wheeze at 8 or 10 yrs Not included Not included 1.81 (1.22,2.84) 
 

DD of asthma at 4/5 or 7.5 yrs Not included Not included 5.54 (3.29,9.71) 4.84 (2.81,8.39) 

SPT cat at 4/5 or 7 yrs Not included Not included Not included 1.98 (1.19,3.24) 

SPT house dust mite at 4/5 or 7 yrs Not included Not included Not included 2.73 (1.60,4.48) 

No. of predictors selected 6 5 8 9 
Abbreviations – SES: socioeconomic status; yr(s): year(s); DD: doctor’s diagnosis; SPT: skin prick testing.  
aOdds ratio (OR) of asthma at age 15–20 years for each candidate predictor, adjusting for all the others.  
b95% credible interval. 
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Performance measures of all the models from the main analysis, including sensitivity, specificity, 

predictive values and likelihood ratios, as well as their confidence intervals, are reported in Table 

6.7 and Table 6.8.  

Table 6.7: Performance measures for the analysis in general population among models developed using a multiple 
imputation technique 

Performance measure 
Age 15–20 years 

Model A Model B Model C Model D 

Sensitivity (95% CI) 0.68 (0.63,0.73) 0.56 (0.50,0.61) 0.66 (0.60,0.71) 0.56 (0.50,0.61) 

Specificity (95% CI) 0.68 (0.66,0.70) 0.80 (0.78,0.81) 0.77 (0.75,0.78) 0.83 (0.81,0.84) 

PPV (95% CI) 0.21 (0.18,0.23) 0.25 (0.22,0.29) 0.25 (0.22,0.29) 0.28 (0.25,0.32) 

NPV (95% CI) 0.95 (0.93,0.96) 0.94 (0.93,0.95) 0.95 (0.94,0.96) 0.94 (0.93,0.95) 

LR+ (95% CI) 2.11 (1.92,2.33) 2.76 (2.43,3.13) 2.79 (2.50,3.10) 3.22 (2.81,3.68) 

LR– (95% CI) 0.47 (0.40,0.56) 0.56 (0.49,0.63) 0.45 (0.39,0.53) 0.54 (0.47,0.61) 

Youden Index (95% CI) 0.36 (0.29,0.43) 0.35 (0.28,0.43) 0.42 (0.35,0.49) 0.38 (0.31,0.46) 

AUC (95% CI) 0.73 (0.70,0.76) 0.73 (0.70,0.76) 0.76 (0.73,0.79) 0.75 (0.72,0.78) 

Brier score 0.32 0.23 0.25 0.20 

HL test (p-value) >0.99 >0.99 >0.99 >0.99 

Abbreviations – 95% CI: 95% confidence interval; PPV: positive predictive value; NPV: negative predictive value; LR+: positive 
likelihood ratio; LR–: negative likelihood ratio; AUC: area under the receiver operating characteristic curve; HL: Hosmer-Lemeshow 
test. 

Table 6.8: Performance measures for the analysis in the high-risk population among models developed using a multiple 
imputation technique 

Performance measure 
Age 15–20 

Model A Model B Model C Model D 

Sensitivity (95% CI) 0.60 (0.49,0.70) 0.52 (0.41,0.63) 0.63 (0.53,0.73) 0.72 (0.61,0.81) 

Specificity (95% CI) 0.67 (0.61,0.73) 0.72 (0.66,0.77) 0.78 (0.73,0.83) 0.70 (0.65,0.76) 

PPV (95% CI) 0.36 (0.28,0.44) 0.36 (0.28,0.45) 0.47 (0.38,0.56) 0.43 (0.35,0.51) 

NPV (95% CI) 0.85 (0.79,0.89) 0.83 (0.78,0.87) 0.87 (0.83,0.91) 0.89 (0.84,0.93) 

LR+ (95% CI) 1.83 (1.44,2.31) 1.86 (1.42,2.44) 2.89 (2.21,3.78) 2.41 (1.93,3.01) 

LR– (95% CI) 0.60 (0.46,0.78) 0.66 (0.53,0.83) 0.47 (0.36,0.62) 0.40 (0.29,0.57) 

Youden Index (95% CI) 0.27 (0.11,0.43) 0.24 (0.08,0.40) 0.41 (0.25,0.56) 0.42 (0.26,0.56) 

AUC (95% CI) 0.67 (0.60,0.73) 0.65 (0.58,0.71) 0.75 (0.70,0.81) 0.75 (0.70,0.81) 

Brier score 0.35 0.33 0.26 0.29 

HL test (p-value) 0.84 0.47 >0.99 >0.99 

Abbreviations – 95% CI: 95% confidence interval; PPV: positive predictive value; NPV: negative predictive value; LR+: positive 
likelihood ratio; LR–: negative likelihood ratio; AUC: area under the receiver operating characteristic curve; HL: Hosmer-Lemeshow 
test.  
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Overall, in both target populations, the discriminative measures of models in the validation data 

varied among models, with sensitivity ranging from 0.56 to 0.68 in the general population and from 

0.52 to 0.72 in study children at high risk; the positive predictive value ranged from 0.21 to 0.28 and 

from 0.36 to 0.47 among the two target populations, respectively.  

Generally, the models in the general population had better sensitivity and positive likelihood ratio, 

but positive predictive values were higher in models developed for subjects at high risk. These 

predictive measures such as sensitivity and positive predictive values, which are greatly needed in 

clinical practice to correctly identify subjects who are likely to develop the condition in adolescence, 

cannot yet be considered sufficient to accurately forecast asthma at 15–20 years. Although positive 

predictive value is twice as high in children at high risk compared to the general population, this 

measure still far from a value that can be considered truthful. Similarly, sensitivity is below 0.80 in 

both populations, suggesting that the model has poor ability to identify patients with the condition. 

A high value for these measures would allow physicians to accurately identify patients who will 

develop the condition in adolescence and would increase doctor-parent communication and help 

parents understand a long-term treatment management plan.  

Specificity was similar among both populations but slightly higher in some models developed in the 

general population compared with those developed for high-risk children. Likelihood ratios were 

between 0.1 and 10 providing no evidence to rule in or rule out the subjects with asthma in 

adolescence. Performance measurements computed in the general population seemed to be more 

accurate (they had narrower confidence intervals), reflecting the larger sample size.  

The Brier scores were higher in the models developed for children at high risk; this measure varied 

from 0.20 to 0.32 in the general population and from 0.26 to 0.35 in the high-risk population, 

suggesting good overall agreement between the predicted probabilities of later asthma and the 

observed values in the data. A lower Brier score indicates better calibration between the prediction 

and the actual outcome. This score was higher in Model A in both target populations; thus, this 

model was the least calibrated. The Hosmer-Lemeshow test provided a p-value > 0.001 suggesting 

that there is not enough evidence to say that the models are not a good fit.  
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Models that excluded skin prick testing information, doctor’s diagnosis  of asthma and/or use of 

asthma medication (Models A and B) had poorer predictive performance in both target populations 

compared to the other models. Models C and D showed similar predictive performance in both 

populations. Although they had higher sensitivity, positive likelihood ratio, predictive value and AUC 

compared to the other models, they are still far from perfect models. Their predictive ability and 

accuracy are limited, suggesting that additional information, such as genetic factors and clinical tests 

including lung function tests, allergen-specific IgE, fractional exhaled nitric oxide (FeNO) and 

bronchodilator response, might also be necessary to increase their ability to correctly identify 

children who will have asthma in adolescence. 

6.3 Discussion 

6.3.1 Asthma predictors 

I applied the best variable selection model identified in the previous chapter, the Bayesian model, 

to develop and validate four versions of that model and to determine whether these expanded 

models would better predict asthma in adolescence. I used the same two STELAR cohorts (ALSPAC 

and Ashford) to develop the models and then externally validated them using the remaining three 

cohorts to predict asthma in adolescence among preschool children with and without wheezing 

symptoms between the age of two and five years. I tested a different set of candidate predictors, 

including demographic characteristics, wheezing symptoms, doctor’s diagnosis, parental history of 

allergies and sensitisation to the most common allergens, and assessed that prediction can be 

improved by adding information collected in mid-childhood to the models.  

Eczema in early childhood and parental allergies were important predictors in all models and both 

study populations. Sensitisation to common allergens and doctor’s diagnosis of asthma were the top 

predictors in the models that included them among both populations, suggesting that this 

information might be useful in clinical practice to accurately distinguish patients who will develop 

asthma in adolescence. This information is indeed more accurate and less objective than parent-

reported information and can be conveniently obtained during a standard clinical assessment. 
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My results are in accord with previous studies (162) showing that allergen sensitisation, parental 

allergies and eczema are linked to asthma development (294) and that the pathogenesis of asthma 

may be determined not only by the combination of these risk factors but also by inherited factors. 

Several epidemiological studies identified positive sensitisation to allergens as a risk factor as well as 

a predictor for asthma and childhood wheezing (141); skin prick tests and measurement of allergen-

specific IgE antibodies are common diagnostic tools to confirm sensitisation (254). Specifically, 

inhalation of cat, dust or grass allergens release pro-inflammatory mediators that constrict the 

bronchioles. Exposure to allergens lead to chest tightness and wheezing symptoms and may result 

in narrowing of the airway of subjects and triggering allergic or atopic asthma, the most common 

type of asthma. Studies have shown that the proportions of children with and without asthma that 

is skin prick test–positive vary between different populations (255); in the STELAR cohorts, children 

at preschool age with wheezing symptoms were more likely to be atopic. 

Although positive skin prick test results are known to be associated with the development of asthma, 

doctor’s diagnosis of asthma and use of asthma medication in mid-childhood had not been tested in 

previous asthma predictive models. Thus, I tested those predictors for asthma at age 15–20 years. 

However, asthma was defined using information on wheezing symptoms and the use of asthma 

medication between ages 15 and 20 years; thus, the outcome definition may be correlated with use 

of asthma medication in mid-childhood. Nevertheless, use of asthma medication in mid-childhood 

was not selected as a predictor by any model developed for subjects at high risk. Additionally, 

inclusion of doctor’s diagnosis of asthma (ever) in the definition of asthma in adolescence could have 

provided a more specific outcome definition and it could have been used to  improve the predictive 

performance of models that do not include information on doctor’s diagnosis of asthma as predictor 

(i.e. Models A and B). However, this additional asthma definition was not used in the analyses 

presented in this thesis to allow a reliable comparison across all four predictive models (i.e. Models 

A-D). My results indicate that the doctor’s ability to correctly identify asthma at school age  can be 

used 1) to improve screening as well as inclusion/exclusion criteria of future studies to assess the 

natural history of asthma, and 2) to identify subjects who are likely to develop asthma in adolescence 

and who have more need to receive treatment.  
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Inconsistency in the predictors selected among models may be caused by correlation between 

candidate predictors. Since the Bayesian regularization method selects only the most relevant 

predictors among those correlated, inclusion of mid-childhood information may have impacted on 

the selection of other predictors.  

6.3.2 Predictive performance variation 

In my study, predictive performance varied among models and target populations, with good but 

not sufficient overall predictive performance. Variation in predictive performance among models 

was determined by selecting different predictors leading to difference in their estimates. For 

example, information on wheezing symptoms in mid-childhood did not improve the predictive 

performance of the models, suggesting that asthma probably develops before age 10 years. Models 

that included objective or unbiased information, such as skin prick testing, doctor’s diagnosis of 

asthma and/or use of asthma medication had higher predictive performance and better accuracy in 

both study populations. In general this information which were collected in mid-childhood increased 

the predictive performance of the models showing the variability in the expression of asthma-like 

symptoms during childhood and the unmet need to include more unbiased and/or objective 

information to predict asthma in adolescence. It worth noticing that information collected in mid-

childhood such as SPT and doctor assessment, were gathered at similar but not identical ages among 

the STELAR cohorts with ALSPAC study reporting it around the age seven years and the others at five 

years. This study, which is the biggest across the STELAR cohorts may have driven the analysis; strong 

association of mid-childhood information with asthma in adolescence may have also depended by 

time proximity between this information and age of outcome assessment. Overall, model 

performance was still limited and needs to improve in order for the model to be clinically useful and 

accurately distinguish subjects who will develop asthma later in life.  

Variation in predictive performance among target populations may have been determined not only 

by the definition of target populations, which could result in differences in the prevalence of the 

health outcome, but also by differences between STELAR cohorts, such as heterogeneity among 

subject characteristics, age at asthma assessment and collection time of candidate predictors. 

Several studies have shown that the prevalence of the health outcome influences predictive values, 

namely, discriminative measures(143, 154, 155). In general, limitations presented in Chapter 5 
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(Comparison of statistical methods for the prediction of asthma at 15–20 years) are also applicable 

here. Specifically, the STELAR cohorts were designed independent of one another; therefore, data 

were collected at different follow-up points, and subjects’ characteristics may differ. Asthma in 

adolescence and candidate predictors harmonized were evaluated at comparable but not identical 

ages among the five cohorts.  

Furthermore, information was collected using similar but not identical questionnaires eliciting 

subjective interpretation of symptoms. These differences might have increased the heterogeneity 

of subject characteristics between cohorts; the more different the characteristics among subjects 

and/or populations are the highest is the predictive performance variability. Assessment of the 

predictive performance of a model in a new sample of subjects from different locations and clinical 

settings is necessary; however, the validation cohort should be homogeneous with that of the 

development cohort in order to reduce variation in performance and to establish the generalisability 

of the results. 

Decisions about which target population should be studied will depend on both research and clinical 

aims, efficacy and the possible side effects of therapeutic strategies. For example, general 

population studies focus on identifying prognostic factors and on creating and promoting healthy 

behavior and activities including environmental settings, diet and smoking habit (256-258). 

Population studies consider the entire range of subjects, as well as environmental and clinical factors 

and their interactions, that are associated with the development of the condition of interest in order 

to improve the health status of the population. Conversely, studies analysing symptomatic 

individuals focus on screening and identifying those at high risk of developing the condition of 

interest, to limit their exposure and/or to provide suitable interventions and personalised 

treatments (256-258). The early identification of children at high risk of developing asthma in 

adolescence is important during decision-making processes in both clinical practice and medical 

research. In clinical practice, such early detection would facilitate doctor-patient communication 

based on more objective information and would help physicians guide patients or their carers to 

decide on further testing and personalised treatments (105, 259). In medical research, the risk 

stratification of individuals would enable more accurate screening and establish proper inclusion 

and/or exclusion criteria for future epidemiological or experimental studies (105, 259).  
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6.3.3 Conclusion and implications for future research  

Inclusion of information collected in mid-childhood improved predictive performance of the models 

and thus may be necessary to describe the natural history of asthma and to predict asthma later in 

life; in particular more objective and/or unbiased measures are needed to accurately distinguish 

children with or without asthma in adolescence.  

Validation of the present results in cohorts from different countries is necessary to evaluate the 

reliability and generalisability of the results; therefore, future research is needed to test asthma 

predictive models in ongoing clinical trials and epidemiological studies around the world. Moreover, 

application of my predictive models in clinical trials would enable their predictive performance to be 

evaluated among different subgroups of patients that could potentially be established based on an 

individual’s probability of having asthma in adolescence. Improved predictive performance could be 

achieved by incorporating not only physiologic measurements, such as lung function, bronchial 

hyper-responsiveness and exhaled nitric oxide, but also genetic risk factors into asthma-predictive 

models. However, obtaining such information may decrease the simplicity of predictive models for 

use in clinical practice. 
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7 Chapter 7 – General 
discussion 

In clinical practice, the use of predictive models is common; they usually consist of a combination of 

medical assessments, clinical history evaluation and observation of symptoms. These models aim to 

assess a patient’s health status in order to forecast the development, progression or remission of a 

given condition. Many prediction models have been proposed to forecast asthma in children, but 

their predictive performance, clinical usefulness and reproducibility in external populations have 

been limited, making them difficult to use in clinical practice and/or research. My aim was to develop 

better asthma prediction models, by comparing the performance of classical and advanced statistical 

methods and by developing and validating them in separate datasets. This PhD project was possible 

due to collaborative and multicentre efforts by the STELAR consortium. The five studies forming the 

consortium allowed for increased sample size, which I used to develop predictive models based on 

extensive data collected over 20 years, from birth to adolescence. Those data enabled me to develop 

models to predict asthma at age 15–20 years, which has not been done before. Thus, this project 

was planned to break new ground from both a clinical point of view and for future research.  

7.1 Model validation in external studies and clinical settings 

It is imperative that predictive models are validated in external studies and different clinical settings 

such as children with and without wheezing symptoms at preschool age, as this enables their 

predictive ability to be quantified and their generalizability assessed. Several studies also highlight 

the need to distinguish between population-based and high-risk individual-based approaches for 

assessing population- and individual-level health problems (256, 257). Whereas the population-

based approach aims to decrease the risk of the disease in the entire population by promoting 

healthy behaviours and supporting prevention policies and interventions, the individual-based 
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approach identifies high-risk individuals to offer them a suitable prevention or management 

strategy.  

In the research conducted for this thesis, I completed a systematic review of existing asthma 

predictive models that have been externally validated. For the literature on asthma prediction, I 

explored their predictors, definitions of target outcome as well as target populations, evaluated their 

ability to predict asthma in later life and identified research gaps that needed to be addressed. 

Overall, the number of validated asthma predictive models is limited, and they provide poor 

predictive accuracy, with some performance variation in sensitivity and positive predictive value. In 

total, only three prediction models were externally validated and therefore considered in this 

review; only Pescatore et al. (108) developed models using advanced statistical methods such as 

LASSO regression.  

This PhD project also evaluated model predictive performance in two target populations — a 

subgroup of symptomatic children with wheezing at preschool age (high-risk population), and the 

full STELAR population (general population) described in Chapter 6 (Further investigations using the 

Bayesian model). Those analyses allowed me to examine the consistency of the models that I 

developed and to explore the importance of assessing predictive ability across different situations 

that can occur in clinical practice. Predictive ability can be enhanced by studying general and high-

risk populations in parallel in the same study, to assess the model predictive performance in different 

clinical scenarios. In Chapter 6, I showed that the number of selected predictors, as well as their 

performance measures, varied by population. In the general population, more predictors than in the 

high-risk population were selected, mainly wheezing symptoms and their frequency; however, these 

additional ‘predictors’ are used to define the high-risk population, so that the selected predictors 

were compatible in the two populations. It was impossible to compare the performance of my 

models with the existing predictive models assessed in Chapter 2 (Validation of childhood asthma-

predictive models: a systematic review), as none of them considered the same target population, 

age of asthma assessment and type of predictors. 
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7.2 Assessment of statistical methods 

In Chapter 5 (Comparison of statistical methods for the prediction of asthma at 15–20 years), I  

investigated the use of classical and modern techniques to perform model selection and predict 

asthma between ages 15 and 20 years by using information harmonized in early childhood (up to 

five years of age) among the STELAR cohorts. Overall, the advanced approaches, such as empirical 

Bayes and Bayesian methods, were more parsimonious than stepwise and classical penalized 

regression, suggesting that more sophisticated techniques might be more suitable for identifying 

predictors associated with asthma in adolescence.  

However, classical and advanced methods performed similarly in the validation data, suggesting that 

inclusion of further information, such as genetic factors and lung function measurements, may be 

more crucial than the use of sophisticated statistical approaches to improve the performance of 

future asthma prediction models. In addition, advanced regularisation methods are known to be 

more powerful and robust than classical statistical approaches, but the difference is more marked 

when applied to high-dimensional data where classical methods suffer from overfitting. Therefore, 

similarity in predictive performance among my statistical methods may be due to the relatively low-

dimensional data of the explored target population. In this chapter, the data used to validate the 

statistical methods cannot be considered ‘high-dimensional’ as the number of candidate predictors 

was relatively low.  

7.3 Predictive performance in practice  

In Chapter 6 (Further investigations using the Bayesian model), I used the Bayesian method to 

examine additional candidate predictors to assess whether information collected in mid-childhood 

(up to 10 years of age) could improve the predictive accuracy and clinical applicability of models 

developed to forecast asthma at age 15–20 years. Although mid-childhood information increased 

the predictive performance of the models especially when objective measures were included, their 

predictive ability was still limited.  
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My predictive models have only moderate accuracy and predictive performance. In daily practice, 

physicians and their patients are more interested in positive and negative predictive values, as these 

measures represent the probability of being correctly classified after a test. However, predictive 

values have only limited value in assessing the predictive ability of a model as they depend on the 

prevalence of the disease and therefore on the composition of the population being evaluated (114, 

115). Sensitivity and specificity are usually the benchmarks to assess the predictive performance of 

models. Determining a threshold at which the predictive model has a ‘satisfactory’ accuracy and 

deciding whether high sensitivity is preferred over specificity or vice versa have important clinical 

impacts, but they are not straightforward (114). Generally, a screening test should be highly 

sensitive, while a confirmatory test should be highly specific (260). Screening tests are usually 

conducted to identify groups of subjects with similar risk profiles, whereas confirmatory tests are 

used to validate a patient’s health status. The predictive measures of my models were assessed using 

the optimal cut-off on the ROC curve in order to maximise both sensitivity and specificity, and 

accuracy was measured by the AUC. This approach to the evaluation of predictive measures and 

discriminative ability has the advantage of not being affected by arbitrary and subjective decision 

criteria.  

In theory, a useful predictive model would be characterized by high sensitivity and specificity with 

accuracy approaching 100%, thereby correctly identifying subjects who will have or not have the 

condition. In practice, a perfect predictive model is unlikely to be achieved, especially when the 

forecasted outcome is a long time into the future (as with my prediction of asthma 15 to 20 years 

hence). Long-term prediction of future health status is usually challenging, as it requires reliable 

early-life information and relatively stable or progressive disease throughout the predictive time 

frame (104, 118, 119). Because the body can indeed heal, the longer the range and the more 

heterogeneous the condition is over time, the more difficult it is to forecast the outcome.  

7.4 Outcome and predictors characterization 

The lack of an effective and precise predictive model to identify children who will have asthma in 

adolescence may be due to others factors, including misspecification of the outcome, asthma, the 

absence of relevant risk factors in the predictive model, and heterogeneity across cohorts.  
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To minimise misspecification of the outcome, the UK National Institute of Health and Care Excellence 

(NICE) proposed an asthma diagnostic algorithm which starts with a spirometry test to identify 

airway obstruction; the bronchodilator reversibility test is then considered to confirm the 

obstruction and its reversibility; finally the FeNO and peak flow variability tests are performed to 

confirm the spirometry findings. However, performing these examinations is generally difficult in 

preschool children, making the diagnosis problematic and unreliable until after age five years (6). 

Physicians are thus advised to assess the condition based on symptoms and clinical assessment when 

children are unable to perform these tests.  

The definition of asthma mainly based on symptoms and self-reported information, might contribute 

to misdiagnosis of asthma. An incorrect diagnosis of asthma can occur by misinterpreting respiratory 

symptoms not related to asthma and/or self-reported information regarding the term ‘wheeze’ (9); 

for example, it is possible that people mistake being ‘unable to catch their breath’ as ‘wheezing’. 

Misdiagnosis of a health outcome such as asthma can affect the reliability and performance of a 

predictive model, leading to bias in estimated regression coefficients. Consequently, the model will 

wrongly predict an individual’s risk of asthma later in life and produce inaccurate predictive 

performance measures. 

Many childhood conditions have respiratory symptoms that resemble asthma; they include 

respiratory sinus infections, enlarged lymph nodes, congenital immune deficiency, 

metapneumovirus, parainfluenza, coronavirus and other viral infections. In epidemiological studies, 

the collection of information on asthma-like symptoms, diagnosis of asthma and drug treatment 

generally relies on ISAAC’s core questions, which are completed by children or their 

parents/caregivers. Although that questionnaire has been validated in different countries (167, 168, 

250), studies have shown that parents are likely to over-report severe symptoms, with fathers 

describing fewer symptoms than mothers, and adolescents tending to over-report asthma 

symptoms, including doctors’ diagnoses, compared to their parents (261-263). In addition, diagnosis 

and treatment of asthma may be influenced by the accessibility of healthcare services.  
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Symptoms may be difficult for non-clinical individuals to assess; for example, family members of 

children who have never wheezed might not be familiar with ‘wheezing’, using this term to describe 

instead a wide range of noises and sensations (8, 264).     

Overall, the use of respiratory symptoms and response to asthma treatments reported by non-

clinicians, as for the main analysis in this PhD thesis, might not be sufficient to properly characterize 

either the health outcome or the candidate predictors. The need for objective measures, including 

lung function tests, might be necessary to accurately distinguish children with similar respiratory 

symptoms but different disease entities and to explore the severity of such conditions. The 

implications of inadequate definitions of outcome and risk factors, based on parental- (or self-) 

reported information, include unreliability of data, misinterpretation of findings and, in the context 

of predictive models, poor generalisability and lack of clinical usefulness. 

In Chapter 6 (Further investigations using the Bayesian model), several predictors, including 

wheezing symptoms, eczema in early childhood, history of parental allergies, allergic sensitisation to 

common allergens and a clinical diagnosis of asthma, were associated with asthma in adolescence; 

that information had been collected prospectively through questionnaires and skin prick tests and 

then harmonised across the five STELAR cohorts. Although my results are in line with previous 

studies, information obtained in mid-childhood, such as doctor’s diagnosis of asthma and use of 

asthma medication, had not been assessed as candidate predictors in previous asthma predictive 

models. These variables were identified in my models as important predictors with high effect 

estimates; however, there may be a circularity in their use as ‘predictors’, collected in mid-childhood, 

to forecast asthma just 10-12 years later. Specifically, doctor’s diagnosis and asthma medication 

collected at 4/5 or 6.4/7.5 years were used as potential predictors of asthma at 15–20 years, defined 

as concurrent wheezing and asthma treatment. Whilst doctor diagnosis was not incorporated in the 

definition of asthma at 15–20 years, it is likely that a doctor diagnosis at school age would be 

correlated with wheezing and asthma treatment in adolescence. On the other hand, asthma 

treatment at 4/5 or 7 years was not consistently selected by all models presented in this thesis.  

The ALSPAC study, which is the biggest study within the STELAR consortium, reported this 

information at around age seven years, while all other cohorts reported it around age five years 



 

   135 

showing heterogeneity among cohorts and potentially leading to imprecise and unreliable estimates . 

Specifically, since the collection time of such mid-childhood information in ALSPAC study was closer 

to age of outcome assessment than the one gathered in the other cohorts, the selection as well as 

estimates of such information might have been driven by the ALSPAC study. Nevertheless, its 

predictive effect was mitigated by the external validation process assed in the other three STELAR 

cohorts. The selection of this information may also highlight a doctor’s ability to correctly identify 

children in early childhood who are more likely to develop asthma in adolescence and are in greater 

need for asthma treatment. This ability could be considered more objective than simple information 

collected though questionnaires and thus, might be important to explore in future research.  

7.5 Additional considerations 

As shown in this PhD project wheezing symptoms and early-onset allergic sensitisation were 

considered essential for the prediction of asthma in adolescence. These factors have been 

consistently linked to asthma development (265), and children with both of those symptoms have 

been identified as being at particularly high risk of having asthma at school age (7, 266). Common 

triggers for asthma include exposure to infection or aeroallergens, seasonal or perennial, and 

wheezing occurring in the first five years of life, usually predominant during the autumn and winter 

months. Such triggers are almost exclusively associated with lower respiratory tract infections 

determined by common viruses (7, 267, 268).  

Several studies linked persistent wheezing episodes to allergen sensitisation and doctor’s diagnosis 

of eczema (269, 270), indicating that the pathogenesis of asthma might in part be determined by a 

combination of those risk factors and by a deviation of the immune system toward a particular 

cytokine response. Numerous studies also examined the relationship between production of 

cytokines response in atopic dermatitis and showed that impairment between T helper cells might 

affect the development of the skin condition in early life (271-273). This insight may explain 

associations and common biological mechanisms between respiratory and skin disorders. 

The interactions between genetic susceptibility, environmental stressors, immune response and 

respiratory symptoms in early life might shape the progression and outcome of airway disease; 

therefore, examination of such interactions could enable us to understand the mechanisms affecting 



 

   136 

the development of asthma and to identify the critical periods during which the condition starts. I 

explored a variety of risk factors, but others, such as genetic factors, cytokine levels and microbiome 

exposures, were not available across all STELAR studies and thus could not be considered, leading to 

the potential exclusion of key information. Although inclusion of those factors in predictive models 

may enhance the forecasting of asthma in adolescence, they may not be readily available to doctors 

thus limiting the application in clinical practice of predictive models that include them.  
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Appendix A 

Figure A.1: Search on 14 July 2017 in Ovid MEDLINE(R) from 1946 to July week 2 of 2015 

# Searches Results 

1 exp asthma/ 118835 

2 (asthma* or wheez*).mp. [mp=title, abstract, original title, name of substance 

word, subject heading word, keyword heading word, protocol supplementary 

concept word, rare disease supplementary concept word, unique identifier] 

167279 

3 1 or 2 167279 

4 ("predictive score*" or "prediction score*" or "predictive index*" or 

"prediction index*" or "predictive model*" or "prediction model*" or 

"predictive ability" or "prediction ability" or "predictive performance" or 

"prediction performance").mp. [mp=title, abstract, original title, name of 

substance word, subject heading word, keyword heading word, protocol 

supplementary concept word, rare disease supplementary concept word, 

unique identifier] 

35058 

5 3 and 4 317 

6 ("asthma score*" or "asthma risk score*" or "asthma index*" or "asthma 

prediction*" or "prediction of asthma" or "asthma predictive" or "wheez* 

score*" or "wheez* index*" or "prediction of wheez*").mp. [mp=title, 

abstract, original title, name of substance word, subject heading word, 

keyword heading word, protocol supplementary concept word, rare disease 

supplementary concept word, unique identifier] 

477 

7 5 or 6 702 

8 limit 7 to humans and "all child (0 to 18 years)" 437 
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Figure A.2: Search on 14 July 2017 in Ovid EMBASE from 1947 to 11 July 2017  

# Searches Results 

1 exp asthma/ 358605 

2 (asthma* or wheez*).mp. [mp=title, abstract, subject headings, heading word, 

drug trade name, original title, device manufacturer, drug manufacturer, 

device trade name, keyword] 

448144 

3 exp wheezing/ 34122 

4 1 or 2 or 3 455184 

5 ("predictive score*" or "prediction score*" or "predictive index*" or 

"prediction index*" or "predictive model*" or "prediction model*" or 

"predictive ability" or "prediction ability" or "predictive performance" or 

"prediction performance").mp. [mp=title, abstract, subject headings, heading 

word, drug trade name, original title, device manufacturer, drug 

manufacturer, device trade name, keyword] 

82746 

6 4 and 5 900 

7 ("asthma score*" or "asthma risk score*" or "asthma index*" or "asthma 

prediction*" or "prediction of asthma" or "asthma predictive" or "wheez* 

score*" or "wheez* index*" or "prediction of wheez*").mp. [mp=title, 

abstract, subject headings, heading word, drug trade name, original title, 

device manufacturer, drug manufacturer, device trade name, keyword] 

1192 

8 6 or 7 1829 

9 limit 8 to human 1451 

10 limit 9 to (infant <to one year> or preschool child <1 to 6 years> or school 

child <7 to 12 years> or adolescent <13 to 17 years>) 

809 

 

  



 

   150 

Figure A.3: The data extraction form used for the systematic review 

Reviewer     

   

Article ID number     

   

First Author     

   

Year     

   

Type of prediction modelling studies   

Prediction model without 

external validation or with 

external validation in 

independent data; external 

model validation studies with or 

without model updating 

   

Design:      

Country      

Study name     

Study design / Source of data   
Cohort, case-control, cross-

sectional or other 

Recruitment of study population     

Inclusion/exclusion criteria     

Ethnicity     

Recruitment year     

Sample size at the start of study     

If cohort study:     

Type of follow-up (prospective, retrospective)     
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Total length of follow-up   Specify number of years/months 

   

Description of participants' characteristics     

Participants' characteristics reported   

Give list (e.g. weight, parental 

history of asthma, etc.) or 

specify table and page where list 

can be found 

If cohort study:    

Participants' characteristics reported at baseline   As above 

Participants' characteristics reported at follow-up   As above 

   

Outcome - Asthma     

Definition of asthma    Give definition of the outcome 

Asthma assessment blinded for exposure to 

predictors 
  Yes/No 

   

Candidate predictors (predictors to be studied for 

their predictive performance) 
    

Number of candidate predictors   
Give number of candidate 

predictors 

List of candidate predictors, with age of exposure   
Give a list with age, or specify 

table 

Definition/method of measurement of candidate 

predictors 
  

Give definition/method for each 

predictor, or specify table 

Handling of predictors in the modelling (e.g. 

continuous, transformed) 
  

Give information for each 

predictor, or specify table 

Exposure assessment blinded for asthma status   Yes/No 

   

Missing data   Yes/No 
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Number of participants with any missing values 

(include predictors and outcomes) 
  Specify page number or table 

Number of participants with missing data for each 

predictors 
  Specify page number or table 

Handling of missing data (e.g. complete-case 

analysis, imputation or other methods) 
  Specify method 

   

Model development     

Prediction Modelling method (e.g. logistic, survival, 

neural networks, or machine learning techniques) 
    

Modelling assumptions satisfied   Reported/Not reported 

Method for selection of predictors for inclusion in 

initial multivariable model (e.g., all candidate 

predictors, pre-selection based on unadjusted 

association with the outcome)  

    

Method for selection of predictors final 

multivariable model (e.g., full model approach, 

backward or forward selection) and criteria used 

(e.g., p value, Akaike Information Criterion)  

    

Shrinkage of predictor weights or regression 

coefficients (e.g., no shrinkage, uniform shrinkage, 

penalized estimation) 

  
Reported (if yes, specify)/Not 

reported 

   

Model performance at outcome assessment 1     

Age at outcome assessment 1     

Number of participants at this assessment     

Number of asthmatics at this assessment     

Calibration (calibration plot, calibration slope, 

Hosmer-Lemeshow test) and Discrimination (c-
  Yes/No 
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statistic, D-statistic, log-rank) measures with 

confidence intervals 

Classification measures (e.g., sensitivity, specificity, 

predictive values, net reclassification improvement) 

and whether a priori cut points were used 

  Yes/No 

   

Model evaluation     

Internal validation (bootstrap, cross-validation, 

none) 
  

Yes/No - Specify method (e.g. 

leave-one-out cross-validation) 

and table 

External validation (temporal, geographical, 

different investigators, different settings) 
  

Yes/No - Specify method and 

table 

In case of poor validation, whether model was 

adjusted or updated (e.g., intercept recalibrated, 

predictor effects adjusted, or new predictors added) 

  
Yes/No - Specify method and 

table 

   

Results     

Predictors identified, with age of exposure   
Give a list of predictors identified 

and specify age of exposure 

Effect size, with 95%CI, for each predictor identified 

(e.g. predictor weights or regression coefficients) 
  Specify table or text 

Sensitivity (specify whether cut points were used)   Specify table or text 

Specificity (specify whether cut points were used)   Specify table or text 

Positive Predictive Value (specify whether cut points 

were used) 
  Specify table or text 

Negative Predictive Value (specify whether cut 

points were used) 
  Specify table or text 

Measure(s) of calibration (calibration plot, 

calibration slope, Hosmer-Lemeshow) 
  Specify table or text 
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Measure(s) of discrimination (AUC or C-statistic, log-

rank, D-statistic) 
  Specify table or text 

Measure(s) of overall performance (Brier)   Specify table or text 

Any alternative presentation of the final prediction 

models, e.g., sum score, score chart, predictions for 

specific risk subgroups with performance 

  Specify table or text 

Comparison of the distribution of predictors 

(including missing data) for development and 

validation datasets 

  Specify table or text 

   

Interpretation and Discussion     

Interpretation of presented models (confirmatory, 

i.e., model useful for practice versus exploratory, 

i.e., more research needed) 

    

Comparison with other studies, discussion of 

generalisability, strengths and limitations 
    

   

Additional references   

Check all references in the paper 

that might be relevant for 

systematic review and cross-ref 

with existing papers included in 

systematic review. If not 

included, mention which ref 

from the current paper should 

be included. 

Table A.1: Odds Ratios estimated for predictors included into predictive models of development studies 

included into the systematic review  

Candidate predictor 
Castro-Rodriguez 
2000 (API)  

Caudri 2009 
(PIAMA) 

Pescatore 2014  

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

Sex (Male)  1.7 (1.3,2.3) 1.48 (NR) 
Age  1.19 (NR) 
Post-term delivery  2.3 (1.3,4.0)  
Low/medium Parental education  1.6 (1.1,2.3)  
Parental inhalation medication    
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Wheezing frequency* NR   
  Never  Reference  
  1-3 times per year  1.6 (1.1,2.3)  
  ≥4 times per year  

NR 
2.8 (1.9,4.2) 1.65 (NR)† 

Wheezing apart from colds 2.3 (1.3,4.1) 1.4 (NR) 
Infections    
  Never Reference  
  1-2 times per year  1.7 (1.3,2.2)  
  ≥3 times per year 2.2 (1.4,3.3)  
Eczema  NR 

NR 
2.6 (1.9,3.5) 1.52 (NR) 

Parental asthma (any of the two parents) 2.4 (1.8,3.3) 1.23 (NR) 
Parental asthma (both parents)  

NR 
 1.26 (NR) 

Allergic rhinitis   
Eosinophilia (≥4%) NR 

 
  

Activity disturbance*   
  Any   1.28 (NR) 
  Moderate  1.16 (NR) 
  A lot   1.63 (NR) 
Shortness of breath*   
  Sometimes   1.98 (NR) 
  Always  1.56 (NR) 
Exercise-related wheeze/cough   1.26 (NR) 

Aeroallergen-related wheeze/cough   1.22 (NR) 
*No reference category for these predictors in the Leicester study. †Wheezing frequency is estimated for  
3≥times per year. Abbreviations – OR: odd ratio; CI: confidence intervals; NR: not reported.  
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Table A.2: Statistical methods used among studies 

ID Model development Prediction rule Missing data Model evaluation External validation study 
No modelling 

Castro Rodriguez 
2000  

Existing knowledge to select 
significant predictors; Stringent API 

and Loose API 

complete case 
None 

Devulapalli 2007;   
Rodriguez-Martinez 2011; 
 Leonardi 2011  

Chi-square test to compare 
proportions 

Proportion of missing: 20% 

Logistic regression 

Caudri 2009  

Existing knowledge, 
univariate analysis  
(P value < 0.05) and 
stepwise method  
(P value < 0.01); PIAMA  

complete case analysis and 
imputation using MICE Internally validated by 

bootstrap sampling 
method (200 
bootstrap samples) 

Rodriguez-Martinez 2011;  
Hafkamp-de Groen 2013 

Multivariable logistic model 

Proportion of missing: 
predictors 15%; outcomes 
12%. In total each 
predictor has less than 2% 

Advanced methods 

Pescatore 2014  

Existing knowledge and only 
those that were available in 
primary care and did not 
require repeated 
observations were selected; 

Risk score 

NR 
Internally validated by 
leave-one-out cross-
validation technique 

Grabenhenrich 2014  
 

LASSO regression 
Proportion of missing: in 
total each predictor has 
less than 5.8% 

` 
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Table A.3: Performance measures among studies and target populations  

 
Source of 
study 

Target 
population 

ID Prediction rule 
Outcome 
age 

%Se (%)  
(95% CI) 

%Sp  
(95% CI) 

%PPV   
(95% CI) 

%NPV 
(95% CI) 

LR (+) LR (-) Others 

D
ev

el
op

m
en

t 

G
en

er
al

  

Castro-Rodriguez J. 
A. 2000  

Stringent API 

6 28  
(24–30) 

96  
(95–98) 

48  
(44–51) 

92  
(90–93) 

7.43* 0.75* NR 

11 15  
(13–17) 

96  
(95–97) 

42  
(39–45) 

86  
(83–88) 

3.85* 0.88* 

Loose API 

6 57  
(53–60) 

81  
(78–83) 

26  
(24–29) 

94  
(92–95) 

2.92* 0.54* 

11 40  
(37–43) 

80  
(77–82) 

27  
(24–30) 

88  
(85–90) 

1.97* 0.75* 

H
ig

h
-

ri
sk

 Caudri 2009  PIAMA 7-8 60 (NR) 76 (NR) 23 (NR) 94 (NR) 2.5* 0.53* AUC=0.74 

Pescatore 2014  Risk score 
6-8 72 (NR) 71 (NR) 49 (NR) 86 (NR) 2.5 0.39 Brier = 0.16;  

AUC = 0.74 

V
al

id
a

ti
o

n
 

G
en

er
al

  

Leonardi 2011 

Stringent API 

7 37  
(30-44) 

93  
(92-95) 

40  
(32-48) 

93  
(91-94) 

5.29* 0.68* Brier=16;  
AUC=0.65 

10 32  
(24-41) 

94  
(92-95) 

35  
(27-45) 

92  
(91-94) 

5.33* 0.72* Brier=11;  
AUC=0.63 

Loose API 

7 57  
(50-64) 

80  
(78-82) 

26  
(21-30) 

94  
(92-95) 

2.85* 0.54* Brier=12;  
AUC=0.68 

10 57  
(48-66) 

81  
(78-83) 

25  
(20-31) 

94  
(93-96) 

3* 0.53* Brier=10;  
AUC=0.69 

H
ig

h
-r

is
k 

 

Devulapalli 2008 
Stringent API 

10 

57  
(47–66) 

83  
(79–87) 

48  
(39–57) 

87  
(83–91) 

3.34* 0.52* NR 

Loose API 
60  
(50-69) 

79  
(74-83) 

44  
(36-53) 

88  
(84–91) 

2.85* 0.51* 

Rodriguez-Martinez 
2011 

Stringent API 

5-6 

43  
(25–64) 

79  
(68–87) 

38  
(21–57) 

83  
(72–90) 

2.06 0.72 NR 

Loose API 
71  
(50–86) 

33  
(24–45) 

24  
(15–36) 

80  
(63–91) 

1.07 0.86 

PIAMA 
55  
(43–66) 

79  
(67–88) 

75  
(61–85) 

60  
(49–70) 

2.59 0.58 

Hafkamp-de Groen 
2013 

PIAMA 
6 NR NR NR NR NR NR AUC=0.74 

Grabenhenrich 2014 
Pescatore’s 
score 

8 82 (NR) 69 (NR) 40 (NR) 94 (NR) 2.63 0.26 Brier= 0.22; 
AUC=0.83 

*Calculated using measures available. Abbreviations - CI: confidence intervals; Se: sensitivity; SP: specificity; PPV: positive 
predictive value; NPV: negative predictive value; LR+: positive likelihood ratio; LR-: negative likelihood ratio; AUC: area under 
the (ROC) curve; NR: not reported. 
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Table A.4: Critical appraisal of the eight selected studies based on the CHARMS checklist 

Abbreviations - L: low; M: medium; H: high.  

ID 

Risk of bias 

Participant 
selection 

Outcome Predictors 
Sample 
flow/attrition 

Analysis 

Castro-Rodriguez 2000  L L L M M 
Caudri 2009  L L L M L 
Pescatore 2014  L L L M L 

Leonardi 2011 L L L M L 

Devulapalli 2008  L L L M M 
Rodriguez-Martinez 2011  M L L H M 
Hafkamp-de Groen 2013  L L L M M 
Grabenhenrich 2014  L L L M L 
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Appendix B 

Figure B.1: The Ashford survey 

Information Sheet and Consent Form 

Background: 
“Asthma in Ashford” is a research project that started nearly 20 years ago.  You may (or may not!) 
remember taking part in it before; the last time we saw you was about 5 years ago. The study is 
about why some children and young people get asthma and allergies while others do not.  So far the 
information you have provided so far has been really useful and we’re very grateful for your help. 
For example we learned that while lots of young children get inhalers, most of them don’t go on to 
get real asthma; and that getting antibiotics when you are young doesn’t increase the chance that 
you will get asthma.  

Now we’re asking you for some more help; we are trying to understand more about why some young 
people continue to have asthma while others grow out of it. Please note that we’d like your help even 
if you don’t have asthma or any allergies. 

What we want you to do: 
We would like you to fill in a short questionnaire about what you are doing now and about any 
asthma or allergies you might have; this should take only about 10 minutes.  Remember, we would 
like your help even if you don’t have asthma or any allergies. You don’t have to take part but if you 
agree you will be ask to sign a consent form (below). 

You can complete the questionnaire on paper and send it back to us using the stamped envelope we 
have sent you.  Or you can do it online through Imperial College’s website; just copy the URL 
«Short_Link» into your browser and it will take you to the questionnaire; you will be asked to give 
an ID number which is: «STUDYNO». 

If you complete the questionnaire and send it back  
we will enter your name in a lottery with 5 prizes of £50! 

What will happen to the information you give us?  
All your answers to the questions will be kept confidential and will only be reported in a way that 
cannot identify you. Nobody outside our research team will have access to your answers. They will 
be stored in a secure database until we have finished analysing them; then they will be destroyed. 

Is there any risk to me if I take part? 
We are not testing any new medicines or treatments and so there are no risks to your health from 
taking part. Moreover, the questions we are asking you are not tricky or sensitive ones. 

Is there any benefit to me if I take part?  
There are no direct benefits to you if you take part but we hope, with your help, to learn more about 
asthma and improve treatment for children and other young people in the future. 
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Who has reviewed the study? 
Research studies such as this are governed by research guidelines and legislation. This study has 
been reviewed and approved by Imperial College Research Ethics Committee.  
I confirm I have received, read and understood the “Asthma in Ashford” sheet (above)              
I understand that my participation is voluntary and I am free to withdraw at any time          
without giving a reason 
I agree to complete a short questionnaire about my health condition.             

 
Please tick here if you wish to opt out (and then send this back to us)                              

 

Welcome back to Asthma in Ashford! 

 

Part A.  YOURSELF 

A1. Please write your full name here:  

A2. Are you still in education? 

   Yes, full-time education 

   Yes, part-time education 

   No, I am not in any education                  if No, go to A3 on this page 

 A2a. Which of the following are you currently studying for? 

   A levels or AS levels 

   NVQ or similar 

 University 

   Other (please tick & describe) ______________________________________ 

A3. At the moment do you have a paid job? 

   Yes, full-time paid work (30 or more hours a week) 

   Yes, part-time paid work (less than 30 hours a week) 

   No, I am not working in a paid job           if No, go to A4 on this page  

 A3a. What is the job title of your current paid job? 
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A3b.   Please describe the main things you do in your current paid job: 

   
 
   
 
A4. If you are not in education and are not in paid work, are you: 

   Unemployed and looking for a job 

   Long-term sick or disabled 

 Looking after home/family 

   Other (please tick & describe) ______________________________________ 

 

A5. Do you have children of your own? 

    Yes 

   No     if No, go to part B on this page 

 A5a. How many children do you have?   

Part B: YOUR HOME 

B1. What is your full post code?       

B2.  Who are you living with?   

   I live on my own 

   I live with my family 

   I live with my friend(s) / flatmate(s) 

   I live with my partner 

   Other (please tick & describe) ______________________________________ 

B3. Including yourself, how many people live in your household now?    

B4. Including yourself, how many people in your household are 18 years or older?   
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B5.  How many years have you lived in the home where you live now? (If you can't remember, 
make a guess and tick the guess box as well) 

Number of years: Tick if this is a guess: 

  

 

B6.  Is there any damp or condensation in your home? 

   Yes     if Yes, go to B6a. on this page 

   No     

   Don’t know 

 B6a.  How much of a problem is the damp or condensation?   

   Not a problem at all 

   Not serious 

   Fairly serious 

   Very serious 

B7.  Is there any mould in your home? 

   Yes     if Yes, go to B7a. on the next page 

   No     

   Don’t know 

 B7a.  How much of a problem is the mould?   

   Not a problem at all 

   Not serious 

   Fairly serious 

   Very serious 

B8. How heavy is the traffic on the road where you live? 

   Hardly any traffic 

   Not very heavy 

   Quite heavy 

   Very heavy 
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B9. How often do lorries or buses pass your home? 

   Never 

   Rarely 

   Sometimes 

   Often 

B10.  To heat your home in winter what methods do you use? (Please tick all boxes that apply) 

   Central heating or storage heaters 

   Gas fires (mains or bottled gas) 

   Electricity 

   Wood stoves or wood fires 

   Coal fires 

   Paraffin heaters 

   Other (please tick & describe) ______________________________________ 
  

B11.  What kind of cooker do you have at home?   

   Gas 

   Electric 

   Other (please tick & describe) ______________________________________  

 B11a.  If your cooker uses gas, is this: 

   Only the rings of the cooker 

   Only the oven of the cooker 

   Both the rings and the oven 

B12.  Excluding yourself, how many people living in your home are smokers?   

  

 



 

   164 

B13.  Excluding yourself, who is or are the smokers in your home? (Please tick all that apply) 

   Mother 

   Father 

   Brother / Sister 

   Partner 

   Friend(s) / Flatmate(s) 

   Nobody      if Nobody, go to B14 on this page 

   Other (please tick & describe) ______________________________________  

 B13a.  Do you have a rule that smoking never happens in particular rooms?   

   No smoking inside is allowed 

   Smoking is only allowed in some rooms 

   Smoking is allowed anywhere 

B14.  Have you got any pets at your home? 

   Yes 

   No              if No, go to part C on this page 

 B14a.  Please tell us how many of each type you have: 

a.  Cats 

b. Dogs 

c. Birds 

d. Rabbits or rodents (e.g. guinea pigs, hamsters, mice)  

e. Other (please describe and specify)  

Part C: WHEEZING AND ASTHMA 

C1.  Have you had wheezing or whistling in your chest in the past 12 months? 

   Yes 

   No     if No, go to part C2 on page 7 

  C1a. How many attacks of wheezing have you had in the past 12 months?   

   None                         1-3  

   4-12                           More than 12     
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 C1b. In the past 12 months, how often, on average, has your sleep been disturbed due 
to wheezing? 

   Never woken with wheezing 

   Less than one night per week  

   One or more nights per week     

 C1c.  In the past 12 months, has your chest sounded wheezy during or after exercise? 

   Yes 

   No    

 C1d.     In the past 12 months, has wheezing ever been severe enough to limit your 
speech to only       one or two words at a time between breaths? 

   Yes 

   No    

 C1e. How many days of school/college or work (paid employment) have you missed in 
the past 12 months due to wheezing in the chest? (If you can't remember, make a 
guess and tick the guess box as well)    

 Please specify Tick if this is a guess 

Number of days off 
school/college: 

  

Number of days off work: 
 

 

 C1f. During the last 12 months, has the wheezing in your chest been better at the 
weekends? 

   Yes 

   No    

 C1g. Has the wheezing in your chest been better when away from work for a period 
longer than a weekend?  If you don’t have a job, tick ‘No’ 

   Yes 

   No    
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C2. Have you ever had asthma?  

   Yes 

   I am not sure   

   No     if No and if you also said No to the question about wheeze (C1 on page 
5) then go to part E on page 8; otherwise go to part D on this page 

Part D: TREATMENTS AND TRIGGERS 

D1. Is there anything that you know that sets off your wheeze or asthma? 

   Yes 

   No     if No, go to D2 on this page 

  

D1a. Which of these makes you wheeze? (Please tick all that apply) 

   Exercising 

   Infections 

   Pollen 

   Animals 

   House dust 

   Stress   

   Other (please tick & describe) 
___________________________________________  

D2.  Do you currently take any regular treatment for your wheezing (or asthma)? 

   Yes 

   No     if No, go to D3 on this page 

 D2a. Please write down the name of the current treatments that you use: 
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D2b. Does it help? 

   Yes 

   No 

 D2c.  How many courses of steroid tablets have had for your wheezing or asthma in the 

last 12 months?                  

D3.  In the last 12 months have you been to casualty (A/E) because of wheeze or asthma? 

   Yes 

   No     

D4.  In the last 12 months have you been kept in hospital because of wheeze or asthma? 

   Yes 

   No     

Part E: COUGH, HAYFEVER, ECZEMA & RASH 

E1. In the past 12 months, have you had a dry cough at night, apart from a cough associated 
with a cold or chest infection?    

   Yes 

   No    

E2. Have you ever had hayfever? 

   Yes 

   No    

E3. In the past 12 months, have you had a problem with sneezing or a runny or blocked nose 
when you DID NOT have a cold or flu (such as running a temperature or feeling generally 
unwell)? 

   Yes 

   No     if No, go to E4 on this page  

Note: these questions are about when you DO NOT have a cold or the flu 

 E3a. In the past 12 months, has this nose problem been accompanied by itchy or 
watery eyes? 

   Yes 

   No 
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 E3b. In which of the past 12 months, did this nose problem occur? (Please tick all that 
apply) 

   January                    February                  March       April 
   
   May                          June                          July                           August 
   
   September              October                    November              December 

 

E4. Have you ever had eczema? 

   Yes 

   No    

E5. Have you had an itchy red rash at any time in the past 12 months? 

   Yes 

   No    if No, go to E6 on this page 

 E5a. Has this itchy rash at any time affected any of the following places: the folds of the 
elbows, behind the knees, in front of the ankles, under the buttocks, or around 
the neck, ears or eyes? 

   Yes 

   No 

E6. Have you ever suffered from food allergy? 

   Yes 

   No    if No, go to part F on the next page 

 E6a. Which food are you allergic to? (Please tick all that apply) 

   Eggs                  

   Wheat                       

   Cow’s milk             

   Peanuts, nuts or sesame seeds                  

   Other (please tick & describe) ______________________________________  
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Part F: YOUR HEALTH 

F1. In general, would you say your health is:    

   Excellent 

   Very good 

   Good 

   Fair 

   Poor 

F2. Compared to 5 years ago, how would you rate your health in general now?    

   Much better                       Much worse                       Hasn’t really changed 

   A bit better                         A bit worse                       
 
 

 

F3. The following questions are about activities you might do during a typical day. Does your 

health now limit you in these activities? If so, how much?  

 
Yes, limited a 

lot 
Yes, a little 

No, not limited at 
all 

Vigorous activities (e.g. running, lifting 
heavy objects, participating in strenuous 

sports) 
   

Climbing several flight of stairs    

Climbing one flights of stairs    

Walking more than a mile    

Walking 100 meters    

F4. During the past 30 days, how much of the time has your physical health interfered with 
your social activities (e.g. meeting friends or going out)?    

   None of the time 

   A little of the time 

   Sometimes 

   All of the time 
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F5. How TRUE or FALSE is each of the following statements for you? 

F6. Do you have any long-standing illness or disability? (By long-standing we mean anything 
that has troubled you over a period of time or that is likely to affect you over a period of 
time.)    

   Yes 

   No    if No, go to part G on this page 

 F6a. Please describe your illness or disability: 

   
 
 F6b. Does your illness or disability limit your activities in any way? 

   Yes 

   No    

Part G: EXERCISE 

G1. During the past year, how often did you do any exercise (going to the gym, brisk walking 
or any sports activity)?    

   Never                                                 Monthly 

   Once or twice                                   Weekly 

   Less than monthly                           Daily or almost daily  

G2. Does anything stop you exercising?    

   Yes 

   No    if No, go to part I on the next page  

 Definitely True Mostly True Mostly False 
Definitely 

False 
Don't know 

I seem to get ill 
more  easily than 

other people 
     

I expect my health 
to get  worse 

     

I am as healthy as 
anybody I know 
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G2a. What stops you exercising? 

   
 
   
 
   

Part I: SMOKING 

I1. Have you ever smoked a whole cigarette (including roll-ups)? 

   Yes  

    No    if No, go to part J on this page 

 I1a. How old were you when you first smoked a whole cigarette?  

I1b. How many cigarette have you smoked altogether in your life? 

   Less than 5 

   5-19 

   20-49 

   50-99 

   100 plus 

 I1c. Have you smoked any cigarette in the past 30 days?    

   Yes 

   No    if No, go to part J on this page 

    I1d.    Do you smoke every day?    Yes   No 

Part J: COMPLETION 

J1. Did you complete the questionnaire all on your own? 

   Yes   if Yes, go to J2 on next page 

   No    

 J1a. Who helped you to complete the questionnaire? (Please tick all that apply) 

   Mother          Father 

   Other (please tick & describe) ______________________________________  
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J1b. Does she/he live in the same house as you? 

                 Yes 

                 No    

J2. Please give your date of birth:   / /  

J3.        Please write your email address here:   

 

Space for any additional comments you would like to make: 

   
 

Thank you very much for your help!  

Send the questionnaire back to us to get an entry into our lottery! 
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Figure B.2: Sample letter to possible participants 

  

 INVITATION LETTER TO CHILDREN - Version 02. September 05 2014 

 

Date 

 

Dear name of child, 

 

We hope this finds you well. 

 

Do you remember the Asthma in Ashford study? You (and your mother) were kind enough to help us 

out for many years; we last saw you in 2008. 

We would like to find out how you are getting on. To do this we are asking you to fill in a short survey 

which asks about the same sort of things we asked when you were younger; questions about you and 

your health and what you are up to (it doesn’t ask any sensitive questions!). As before, we would like 

ALL of you to do this, whether or not you have asthma. 

 

You can do the survey in one of two ways: 

 
1. Online; here is a web link:  

https://imperial.eu.qualtrics.com/SE/?Q_SS=czJVpoFNKSatWCN_d1e0l63uPlV6FBb&_=1 
 
or 
 

2. By hand; with this letter there is a copy of the questionnaire and a stamped envelope 
for you to send it back to us. 

 

You don’t have to do this if you don’t want to; but as an encouragement, if you do we’ll put your name 

into a small lottery (with five prizes of £50!). 

 

This survey has full ethical approval (ref).  As before, all the information we collect and use in the study 

is stored and used in complete confidence. 

 

With best wishes, 

 

Ms Sylvia Colicino and Professor Paul Cullinan 

 

 

Ref:  Joint Research Compliance Office (JRCO) 
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Appendix C 

Table C.1: Proportion of missing values among the STELAR cohorts and candidate predictors 
collected by age five years in the high-risk population  

Candidate predictors 
ALSPAC Ashford IoW  MAAS SEATON 

(%) (%) (%) (%) (%) 

Sex 0.00 0.00 0.00 0.00 0.00 
SES 4.21 0.00 37.32 1.23 0.00 
Maternal asthma 0.84 0.00 0.47 0.00 0.00 
Maternal eczema 0.84 0.00 0.47 0.00 0.00 
Maternal hayfever 0.84 0.00 0.00 0.00 0.00 
Paternal asthma 8.63 0.00 0.00 0.00 0.00 
Paternal eczema 9.47 0.00 0.00 0.00 0.00 
Older siblings 35.16 0.00 9.57 0.00 0.00 
No. of older siblings 35.16 0.00 9.57 0.00 0.00 
Birth order 35.16 0.00 0.00 0.00 0.00 
Maternal age at recruitment 1.26 0.00 0.00 0.00 0.00 
Premature birth 0.84 0.00 0.96 0.00 4.35 
Ever breast fed 0.63 0.00 0.48 0.00 0.00 
Vaginal delivery 1.68 0.00 66.03 0.00 5.43 
Age weaning (weeks) 3.16 0.00 3.83 0.00 4.35 
Cat at 1 yr 2.11 0.00 44.5 0.00 0.00 
Cat at 4/5 yrs 3.16 0.00 0.00 1.23 0.00 
Dog at 1 yr 2.11 0.00 44.5 2.06 0.00 
Dog at 4/5 yrs 3.16 0.00 0.00 1.23 0.00 
Moved house by 2 yrs 5.26 0.00 0.00 0.00 4.35 
Maternal smoking during pregnancy 6.32 0.00 0.48 0.00 0.00 
Maternal smoking at 1 yr 1.05 0.00 2.87 0.00 5.43 
Current wheeze at 1 yr 0.00 0.00 0.00 0.00 0.00 
Current wheeze at 2/3 yrs 0.00 0.00 0.00 0.00 0.00 
Current wheeze at 4/5 yrs 0.00 0.00 0.00 0.00 0.00 
Frequency of wheezing at 1 yrs 0.21 0.00 6.37 0.00 5.53 
Frequency of wheezing at 2/3 yrs 5.68 0.00 0.00 0.00 0.00 
Frequency of wheezing at 4/5 yrs 2.11 0.00 0.00 0.00 5.53 
Eczema at 1 yr 1.68 0.00 7.17 0.00 0.00 
Eczema at 2/3 yrs 4.42 0.00 0.40 0.00 0.00 
Eczema at 4/5 yrs 3.37 0.00 0.00 0.00 0.00 

  Abbreviations - SES: socioeconomic status; yr(s): year(s) 
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Table C.2: Univariate analysis in the development data (ALSPAC and Ashford study) for  the high-risk 
population 

Candidate Predictor 

Age 15–20 

Non-asthma Asthma  

n (%) or median (IQR) n (%) or median (IQR) P-valuea 

Sex (Female) 200 (50.6) 63 (45.3) 0.328 
SES   0.750 

Professional/managerial occupations  116 (30.6) 41 (30.4)  

Skilled non-manual occupations  96 (25.3) 40 (29.6)  

Skilled manual occupations  117 (30.9) 35 (25.9)  

Partly-skilled occupations  42 (11.1) 17 (12.6)  

Unskilled occupations  8 (2.1) 2 (1.5)  

Maternal asthma 66 (16.8) 36 (26.3) 0.022 
Maternal eczema 130 (33.1) 48 (35.0) 0.754 
Maternal hayfever 140 (35.6) 65 (47.4) 0.019 
Paternal asthma 55 (15.1) 25 (19.4) 0.322 
Paternal eczema 31 (8.6) 17 (13.2) 0.186 
Older siblings 188 (69.6) 69 (71.1) 0.882 
No. of older siblings 2 (2.0) 2 (1.0) 0.083 
Birth order   0.886 

first-born 82 (30.4) 28 (28.9)  
second-born 123 (45.6) 47 (48.4)  

≥3 65 (24.0) 22 (22.7)  

Maternal age at recruitment 29 (6.0) 30 (5.3) 0.510 
Premature birth 25 (9.1) 7 (7.6) 0.824 
Ever breast fed 314 (79.9) 118 (85.5) 0.184 
Vaginal delivery 224 (82.1) 73 (81.1) 0.966 
Age weaning (weeks) 13.04 (4.3) 13.04 (4.3) 0.244 
Cat at 1 yr 166 (42.6) 45 (33.6) 0.084 
Cat at 4/5 yrs 154 (40.0) 47 (35.1) 0.365 
Dog at 1 yr 142 (36.4) 32 (23.9) 0.011 
Dog at 4/5 yrs 148 (38.4) 41 (30.6) 0.128 
Moved house by 2 yrs 72 (18.9) 24 (18.6) >0.99 
Maternal smoking during pregnancy 63 (17.1) 23 (17.0) >0.99 
Maternal smoking at 1 yr 157 (40.2) 64 (46.4) 0.240 
Current wheeze at 1 yr 196 (49.6) 71 (51.1) 0.844 
Current wheeze at 2/3 yrs 202 (51.1) 82 (59.0) 0.134 
Current wheeze at 4/5 yrs 360 (89.8) 139 (97.9) 0.004 
Frequency of wheezing at 1 yr   0.449  

Never 209 (52.9) 74 (53.6)  

Sometimes 132 (33.4) 40 (29.0)  

Often 54 (13.7) 24 (17.4)  

Frequency of wheezing at 2/3 yrs   0.208 
Never 180 (48.1) 54 (40.7)  

Sometimes 141 (37.7) 53 (39.8)  

Often 53 (14.2) 26 (19.5)  

Frequency of wheezing at 4/5 yrs   <0.001 
Never 41 (10.5) 3 (2.2)  

Sometimes 248 (63.8) 68 (50.4)  

Often 100 (25.7) 64 (47.4)  

Eczema at 1 yr 153 (38.7) 80 (57.1) <0.001 
Eczema at 2/3 yrs 146 (38.6) 81 (60.0) <0.001 
Eczema at 4/5 yrs 155 (40.6) 87 (64.0) <0.001 

Abbreviation - SES: socioeconomic status; yr(s): years 
aP-values obtained by Chi-square test or Fisher’s exact test. In bold, statistically significant p-values (p < 0.05).  
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Appendix D 

Table D.1: Proportion of missing values among the STELAR cohorts and candidate predictors collected by age 
10 years in the general population 

Candidate predictor 
ALSPAC Ashford IoW  MAAS SEATON 

(%) (%) (%) (%) (%) 

Sex 0.00 0.00 0.00 0.00 0.00 
SES 5.78 0.83 50.67 2.93 1.13 
Maternal asthma 2.68 0.00 1.12 0.00 0.00 
Maternal eczema 2.68 0.00 0.67 0.00 0.00 
Maternal hayfever 2.68 0.00 0.67 0.00 0.00 
Paternal asthma 12.34 0.00 1.35 0.00 0.00 
Paternal eczema 12.63 0.00 1.35 0.00 0.00 
Older siblings 40.54 0.00 6.73 2.53 0.00 
No. of older siblings 40.54 0.00 6.73 0.93 0.00 
Birth order 40.54 0.00 17.26 0.93 0.00 
Maternal age at recruitment 1.58 0.00 0.00 4.52 0.00 
Premature birth 0.46 0.00 1.57 9.04 3.53 
Ever breast fed 1.50 0.00 10.76 5.05 4.65 
Vaginal delivery 1.29 0.00 67.49 14.23 6.06 
Age weaning (weeks) 5.19 0.00 14.80 55.45 7.90 
Cat at 1 yr 6.03 0.00 51.79 1.73 4.94 
Cat at 4/5 yrs 10.76 0.00 17.26 2.53 4.09 
Dog at 1 yr 6.03 0.00 51.79 1.60 4.94 
Dog at 4/5 yrs 10.76 0.00 17.26 2.93 4.09 
Moved house by 2 yrs 10.26 0.00 17.26 0.00 8.46 
Maternal smoking during pregnancy 7.85 0.00 0.67 0.00 0.00 
Maternal smoking at 1 yr 1.52 0.00 12.56 0.00 8.60 
Current wheeze at 1 yr 2.26 0.00 12.56 55.45 4.94 
Current wheeze at 2/3 yrs 7.83 0.00 25.11 5.59 12.27 
Current wheeze at 4/5 yrs 11.61 0.00 17.26 2.53 15.94 
Current wheeze at 8 or 10 yrs 13.63 7.63 4.60 2.11 24.31 
Frequency of wheezing at 1 yrs 2.35 0.00 19.73 55.45 6.77 
Frequency of wheezing at 2/3 yrs 8.44 0.00 25.11 5.59 12.27 
Frequency of wheezing at 4/5 yrs 11.97 0.00 17.26 2.53 17.07 
Frequency of wheezing at 8 or 10 yrs 14.15 7.63 4.60 2.11 24.78 
Eczema at 1 yr 5.38 0.00 21.30 55.45 4.94 
Eczema at 2/3 yrs 8.23 0.00 19.51 5.59 12.27 
Eczema at 4/5 yrs 10.34 0.00 17.26 2.53 15.94 
DD asthma by 4/5 or 7.5 yrs 12.65 0.00 17.26 2.53 16.36 
Asthma treatment at 4/5 or 6.4 yrs 13.34 0.00 17.26 2.53 16.22 
SPT cat at 4/5 or 7 yrs 27.86 6.20 30.94 9.97 45.13 
SPT house dust mite at 4/5 or 7 yrs 27.32 5.79 30.94 10.11 45.13 
SPT mixed grass at 4/5 or 7 yrs 27.59 6.20 30.94 10.11 45.13 
Abbreviation - SES: socioeconomic status; yr(s): years; DD: doctor’s diagnosis; SPT: skin prick testing  
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Table D.2: Proportion of missing values among the five STELAR cohorts and candidate predictors collected by 

age 10 years in the high-risk population 

Candidate predictor 
ALSPAC Ashford IoW  MAAS SEATON 

(%) (%) (%) (%) (%) 

Sex 0.00 0.00 0.00 0.00 0.00 

SES 4.21 0.00 37.32 1.23 0.00 

Maternal asthma 0.84 0.00 0.47 0.00 0.00 

Maternal eczema 0.84 0.00 0.47 0.00 0.00 

Maternal hayfever 0.84 0.00 0.00 0.00 0.00 

Paternal asthma 8.63 0.00 0.00 0.00 0.00 

Paternal eczema 9.47 0.00 0.00 0.00 0.00 

Older siblings 35.16 0.00 9.57 0.00 0.00 

No. of older siblings 35.16 0.00 9.57 0.00 0.00 

Birth order 35.16 0.00 0.00 0.00 0.00 

Maternal age at recruitment 1.26 0.00 0.00 0.00 0.00 

Premature birth 0.84 0.00 0.96 0.00 4.35 

Ever breast fed 0.63 0.00 0.48 0.00 0.00 

Vaginal delivery 1.68 0.00 66.03 0.00 5.43 

Age weaning (weeks) 3.16 0.00 3.83 0.00 4.35 

Cat at 1 yr 2.11 0.00 44.5 0.00 0.00 

Cat at 4/5 yrs 3.16 0.00 0.00 1.23 0.00 

Dog at 1 yr 2.11 0.00 44.5 2.06 0.00 

Dog at 4/5 yrs 3.16 0.00 0.00 1.23 0.00 

Moved house by 2 yrs 5.26 0.00 0.00 0.00 4.35 

Maternal smoking during pregnancy 6.32 0.00 0.48 0.00 0.00 

Maternal smoking at 1 yr 1.05 0.00 2.87 0.00 5.43 

Current wheeze at 1 yr 0.00 0.00 0.00 0.00 0.00 

Current wheeze at 2/3 yrs 0.00 0.00 0.00 0.00 0.00 

Current wheeze at 4/5 yrs 0.00 0.00 0.00 0.00 0.00 

Current wheeze at 8 or 10 yrs 3.23 0.00 1.57 4.72 0.00 

Frequency of wheezing at 1 yrs 0.21 0.00 6.37 0.00 5.53 

Frequency of wheezing at 2/3 yrs 5.68 0.00 0.00 0.00 0.00 

Frequency of wheezing at 4/5 yrs 2.11 0.00 0.00 0.00 5.53 

Frequency of wheezing at 8 or 10 yrs 3.23 0.00 1.57 4.72 0.00 

Eczema at 1 yr 1.68 0.00 7.17 0.00 0.00 

Eczema at 2/3 yrs 4.42 0.00 0.40 0.00 0.00 

Eczema at 4/5 yrs 3.37 0.00 0.00 0.00 0.00 

DD asthma by 4/5 or 7.5 yrs 3.37 0.00 0.00 0.00 0.00 

Asthma treatment at 4/5 or 6.4 yrs 6.32 0.00 0.00 0.00 1.01 

SPT cat at 4/5 or 7 yrs 24.42 8.47 8.63 11.30 36.68 

SPT house dust mite at 4/5 or 7 yrs 23.58 6.78 8.63 11.30 36.68 

SPT mixed grass at 4/5 or 7 yrs 23.58  8.47 8.63 11.30 36.68 
Abbreviation - SES: socioeconomic status; yr(s): years; DD: doctor’s diagnosis; SPT: skin prick testing  
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Table D.3: Univariate analysis in the development data (ALSPAC and Ashford study) for the general population  

Candidate predictor 

Age 15–20 

Non-asthma Asthma  

n (%) or median (IQR) n (%) or median (IQR) P valuea 

Sex (Female) 1923 (41.3) 154 (38.8) 0.354 
SES   0.276 

Professional/managerial occupations  1417 (32.2) 113 (30.2)  

Skilled non-manual occupations  1213 (27.6) 110 (29.3)  

Skilled manual occupations  1218 (27.7) 104 (27.7)  

Partly-skilled occupations  424 (9.6) 43 (11.5)  

Unskilled occupations  128 (2.9) 5 (1.3)  

Maternal asthma 483 (10.6) 75 (19.4) <0.001 

Maternal eczema 1103 (24.3) 118 (30.5) 0.008 
Maternal hayfever 1335 (29.4) 166 (42.9) <0.001 
Paternal asthma 343 (8.3) 64 (18.4) <0.001 
Paternal eczema 281 (6.9) 36 (10.4) 0.019 
Older siblings 2061 (72.1) 171 (69.5) 0.425 
No. of older siblings 1 (1.0) 1 (1.0) 0.359 
Birth order   0.678 

first-born 797 (27.9) 75 (30.5)  

second-born 1472 (51.5) 123 (50.0)  

≥3 589 (20.6) 48 (19.5)  

Maternal age at recruitment 29 (6.0) 29 (7.0) 0.017 
Premature birth 222 (7.5) 24 (9.9) 0.215 
Ever breast fed 3760 (81.9) 336 (86.2) 0.040 
Vaginal delivery 4102 (89.2) 344 (87.8) 0.443 
Age weaning (weeks) 13.8 (4.3) 13.5 (4.3) 0.418 

Cat at 1 yr 1864 (42.5) 147 (39.3) 0.259 
Cat at 4/5 yr 1809 (43.2) 136 (38.6) 0.106 
Dog at 1 yr 1663 (37.9) 132 (35.3) 0.351 
Dog at 4/5 yr 1590 (38.0) 127 (36.1) 0.513 
Moved house by 2 yrs 705 (16.8) 68 (19.1) 0.292 
Maternal smoking during pregnancy 525 (12.2) 61 (16.6) 0.018 
Maternal smoking at 1 yr 1810 (39.4) 172 (44.3) 0.064 
Current wheeze at 1 yr 1412 (31.0) 118 (32.2) <0.001 

Current wheeze at 2/3 yrs 465 (10.8) 123 (34.9) <0.001 
Current wheeze at 4/5 yrs 369 (8.9) 141 (40.1) <0.001 
Current wheeze at 8 or 10 yrs 274 (9.6) 41 (17.1) <0.001 
Frequency of wheezing at 1 yr   <0.001 

Never 3355 (73.7) 229 (59.2)  

Sometimes 967 (21.2) 123 (31.8)  

Often 233 (5.1) 35 (9.2)  

Frequency of wheezing at 2/3 yrs   <0.001 

Never 3682 (86.0) 240 (65.6)  
Sometimes 492 (11.5) 86 (23.5)  

Often 109 (2.5) 40 (10.9)  

Frequency of wheezing at 4/5 yrs   <0.001 
Never 3803 (91.3) 212 (60.6)  

Sometimes 260 (6.2) 72 (20.6)  

Often 101 (2.4) 66 (18.9)  

Frequency of wheezing at 8 or 10 yrs   <0.001 

Never 2585 (91.1) 199 (83.3)  
Sometimes 198 (7.0) 30 (12.6)  
Often 55 (1.9) 10 (4.2)  

Eczema at 1 yr 1201(27.2) 180 (47.9) <0.001 
Eczema at 2/3 yrs 1135 (26.5) 174 (47.2) <0.001 
Eczema at 4/5 yrs 1026 (24.5) 171 (47.4) <0.001 
DD asthma by 4/5 or 7.5 yrs 616 (15.0) 203 (60.8) <0.001 
Asthma treatment at 4/5 or 6.4 yrs 441 (10.8) 188 (54.0) <0.001 

SPT cat at 4/5 or 7 yrs 159 (4.7) 88 (29.4) <0.001 
SPT house dust mite at 4/5 or 7 yrs 338 (9.9) 114 (37.5) <0.001 
SPT mixed grass at 4/5 or 7 yrs 326 (9.6) 107 (35.5) <0.001 

Abbreviation - SES: socioeconomic status; yr(s): years; DD: doctor’s diagnosis; SPT: skin prick testing  
aP-values obtained by chi-square test or Fisher’s exact test. In bold, statistically significant p-values (p<0.05).   
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Table D.4: Univariate analysis in the development data (ALSPAC and Ashford study) for the high-risk population 

Candidate Predictor 

Age 15–20 

Non-asthma Asthma  

n (%) or median (IQR) n (%) or median (IQR) P valuea 

Sex (Female) 200 (50.6) 63 (45.3) 0.328 
SES   0.750 

Professional/managerial occupations  116 (30.6) 41 (30.4)  

Skilled non-manual occupations  96 (25.3) 40 (29.6)  

Skilled manual occupations  117 (30.9) 35 (25.9)  

Partly-skilled occupations  42 (11.1) 17 (12.6)  

Unskilled occupations  8 (2.1) 2 (1.5)  

Maternal asthma 66 (16.8) 36 (26.3) 0.022 
Maternal eczema 130 (33.1) 48 (35.0) 0.754 
Maternal hayfever 140 (35.6) 65 (47.4) 0.019 
Paternal asthma 55 (15.1) 25 (19.4) 0.322 
Paternal eczema 31 (8.6) 17 (13.2) 0.186 
Older siblings 188 (69.6) 69 (71.1) 0.882 
No. of older siblings 2 (2.0) 2 (1.0) 0.083 
Birth order   0.886 

first-born 82 (30.4) 28 (28.9)  
second-born 123 (45.6) 47 (48.4)  

≥3 65 (24.0) 22 (22.7)  

Maternal age at recruitment 29 (6.0) 30 (5.3) 0.510 
Premature birth 25 (9.1) 7 (7.6) 0.824 
Ever breast fed 314 (79.9) 118 (85.5) 0.184 
Vaginal delivery 224 (82.1) 73 (81.1) 0.966 
Age weaning (weeks) 13.04 (4.3) 13.04 (4.3) 0.244 
Cat at 1 yr 166 (42.6) 45 (33.6) 0.084 
Cat at 4/5 yrs 154 (40.0) 47 (35.1) 0.365 
Dog at 1 yr 142 (36.4) 32 (23.9) 0.011 
Dog at 4/5 yrs 148 (38.4) 41 (30.6) 0.128 
Moved house by 2 yrs 72 (18.9) 24 (18.6) >0.99 
Maternal smoking during pregnancy 63 (17.1) 23 (17.0) >0.99 
Maternal smoking at 1 yr 157 (40.2) 64 (46.4) 0.240 
Current wheeze at 1 yr 196 (49.6) 71 (51.1) 0.844 
Current wheeze at 2/3 yrs 202 (51.1) 82 (59.0) 0.134 
Current wheeze at 4/5 yrs 360 (89.8) 139 (97.9) 0.004 
Current wheeze at 8 or 10 yrs 345 (87.6) 153 (98.2) <0.001 
Frequency of wheezing at 1 yr   0.449  

Never 209 (52.9) 74 (53.6)  

Sometimes 132 (33.4) 40 (29.0)  

Often 54 (13.7) 24 (17.4)  

Frequency of wheezing at 2/3 yrs   0.208 
Never 180 (48.1) 54 (40.7)  

Sometimes 141 (37.7) 53 (39.8)  

Often 53 (14.2) 26 (19.5)  

Frequency of wheezing at 4/5 yrs   <0.001 
Never 41 (10.5) 3 (2.2)  

Sometimes 248 (63.8) 68 (50.4)  

Often 100 (25.7) 64 (47.4)  

Frequency of wheezing at 8 or 10 yrs   <0.001 
Never 31 (8.3) 5 (4.2)  
Sometimes 201 (74.1) 48 (46.4)  
Often 85 (18.6) 56 (50.4)  

Eczema at 1 yr 153 (38.7) 80 (57.1) <0.001 
Eczema at 2/3 yrs 146 (38.6) 81 (60.0) <0.001 
Eczema at 4/5 yrs 155 (40.6) 87 (64.0) <0.001 
DD asthma by 4/5 or 7.5 yrs 188 (48.8) 18 (13.5) <0.001 
Asthma treatment at 4/5 or 6.4 yrs 235 (62.8) 113 (86.9) <0.001 
SPT cat at 4/5 or 7 yrs 51 (16.8) 45 (40.9) <0.001 
SPT house dust mite at 4/5 or 7 yrs 68 (22.4) 61 (53.5) <0.001 
SPT mixed grass at 4/5 or 7 yrs 63 (20.7) 53 (47.3) <0.001 

Abbreviation - SES: socioeconomic status; yr(s): years; DD: doctor’s diagnosis; SPT: skin prick testing  
aP-values obtained by chi-square test or Fisher’s exact test. In bold, statistically significant p-values (p<0.05).
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