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Introduction: The double-blinded randomised control trial (RCT) has been developed 

in order to provide gold standard estimation of causal effects. However, in many 

circumstances it is impossible to design studies that meet this standard of blinding and 

hence this potentially introduces a placebo effect. One example of a study where it 

was impossible to blind the participants was the Heating Housing and Health Study 

(HHHS); the intervention was the installation of modern, efficient heaters in the 

participants’ homes. The statistical models used explicitly assume there is no placebo 

effect.  

 

Method: In order to clarify the meaning of the placebo effect, we defined the contrast 

between the placebo effects from assignment to the treatment group and the placebo 

effects of assignment to the control group as the Assignment Effect.  Using this 

definition we developed three approaches, which allow the explicit assumption of 

such an assignment effect. 

  

Using the HHHS as a worked example, we explored three different approaches; 

Dummy outcome variables, where the intervention is assumed to have no effect, but 

we assume that these variables have similar assignment effects. The observed changes 

in such variables are estimates of the assignment effect.   

Secondly, we attempt to directly measure the susceptibility to this assignment effect 

by the use of proxy variables of assignment susceptibility. 

Intermediate Variables. We measure the assignment effect by looking at the effects 

that are unexplained by changes in the intermediate variables. (In the HHHS example 

the direct effect of the intervention should be largely due to a rise in temperature, 

hence we estimate the assignment effect by health effects unexplained by 

temperature) 

 

Results: We explore, through both simulated and real data, the implications of these 

approaches and then give recommendations on what is needed in order to use models 

with an assumption of an assignment effect. Combining these approaches in a 
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Bayesian framework, we have calculated estimates of the assignment effect and 

updated the intervention effects in the HHHS. While the assignment effect itself was 

not significant with an OR (Odds Ratio) of 0.86 (0.63 to 1.20), there was little change 

in the size of the intervention effect for Dry Cough at night from OR= 0.50 (0.32 to 

0.79) to OR= 0.53 (0.28 to 0.98), but a large reduction in the effect of the intervention 

on self-reported poor health from 0.46 (0.30 to 0.71) to 0.70 (0.30 to 1.63). 

 

Conclusion: We recommend that analyses of single-blinded RCTs include a 

sensitivity analysis that assumes an assignment effect. We show how, with carefully 

chosen assumptions, it is possible to use data already collected, and a Bayesian 

modelling approach, to give informative estimates of the likely size of the assignment 

effect and hence provide a better estimate of the true effect of the intervention in 

participant unblinded RCTs.  
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Preface 

 I joined the Housing, Heating and Health Study in 2005. My role was that of project 

manager and statistician. At the time I joined, the study had been designed, funded 

and the recruitment was nearly finished. Initially, I was responsible for the day-to-day 

running of the project. 

 

The study team had always been aware of a potential placebo effect and had taken 

every step they could think of to minimise it. Once the data collection was complete 

and the control households were given their heaters, I carried out the preliminary 

analysis, the results of which we presented to the participants. This was a very 

satisfying experience and the participant interest and enthusiasm was wonderful. 

Many of the families regaled us with their personal stories of how the new heaters had 

improved their lives. Most were very encouraging like “John’s* room is much warmer 

and he no longer has asthma attacks when it gets cold” and “Nobody in the house had 

a cold this winter, because of the new heater”, but a few were so enthusiastic as to be 

worrying “It has changed our whole lives, we are so grateful that someone has done 

something about Jane’s asthma.” “The recording of Barry’s asthma symptoms was 

great and it really encouraged him to use his inhaler more to get better scores on the 

meter.” “We are all so much more active and healthy. The heater has made a huge 

difference to our lives.” 

  

This was wonderful to hear at a personal level, but as a statistician, this increases the 

fear that these are placebo effects rather than a reproducible heater effects. That the 

scientific and statistical community is well aware of the potential problem was borne 

out in later presentations of the results, where the most common question was “what 

can you say about the placebo effects?” 

 

The Housing, Heating and Health Study was designed and implemented knowing 

about this potential problem, but there is no statistical literature about what to do to 

negate or at least adjust for its effects, in a study such as this with unblinded 

participants. Our research group is also running two more Randomised Controlled 

Trials, where we are unable to blind the participants. Given this unaddressed 

                                                 
* Names are changed  
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estimation problem and the rich data available in the heating study, I was keen to 

examine the question of what can be said statistically about causality and placebo 

effects in such trials. This project is my attempt to do so. 
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Statement of Contribution 

In this thesis, I develop a guide or framework as to how best to show statistical 

causality in participant-unblinded Randomised Controlled Trials. To illustrate this I 

use the Housing, Heating and Health Study (hereafter referred to as the Heating 

Study) as a worked example. This framework and the ideas and analyses contained 

within it are my own, but in using the Heating Study data, I am building on work done 

in conjunction with others. While all of the statistical concepts and analyses are my 

own, in two chapters I included the work and ideas of others. 

 

Firstly, Chapter Four is an abridged version of the main Heating Study results. This 

provides important background to understanding this project as it is an example of the 

best practice in randomised controlled trials, for situations where the participants are 

unblinded. My contribution to this chapter is the statistical analysis. The broader 

context of the study and in particular the question, “What is the effect of improved 

heating in children with asthma?” is important in its own right, but here is used as an 

example of a context for placebo effects, for a particular study design and outcome 

variable. The entire study team authored the paper on which this chapter is based. 

Secondly, Chapter Five is an abridged version of a paper on the health effects of 

nitrogen dioxide. My contribution to this paper is the statistical analysis. The broader 

understanding of role of nitrogen dioxide is the work of others, primarily Julie 

Bennett. Finally, Chapter Six, is a multi-authored paper which describes an approach 

to determine the best metric for indoor temperature as an exposure for child 

respiratory health, is original work done as part of this Project.  

 

The main original contribution of this thesis is to provide a guide, or framework, on 

how best to explore statistical causality in participant-unblinded, Randomised 

Controlled Trials. I have not found any similar analyses that have been published and 

to my knowledge this work is entirely novel.  

 

The original contribution of this guide or framework is strengthened by the worked 

example, which shows a full explanation of causality in the Heating Study. A further 

original contribution is the analysis of the best metric to link indoor temperature and 

lung function. 
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This thesis contains three multi-authored papers, which refer to the research team as 

‘we’, because of this I have used ‘we’ rather than ‘I’ as the pronoun throughout this 

thesis. In all parts, bar these three chapters, ‘we’ should be taken as ‘me’ with the kind 

guidance and support of my supervisors. In those three chapters ‘we’ should be taken 

to mean I and my coauthors.  
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1 Introduction 

1.1 Motivating Example 

This project originated in the randomised community trials of housing and health 

carried out by the research group He Kainga Oranga/Housing and Health Research 

Programme, particularly the Housing Heating and Health Study (hereafter called the 

Heating Study).1 In this study, a population of households with asthmatic children 

were randomised into two groups. The intervention group received new heaters in the 

child’s family house, after baseline measures had been taken. The control group also 

received new heaters, but only after the trial was completed. The aim of the study was 

to find out what  the causal effect of installing new heaters is in this population. 

Although, this community trial is similar in design to a double-blinded Randomised 

Controlled Trial (RCT), the blinding of the participants was impractical, as is often 

the case in such community trials, where the intervention is very visible. Therefore, 

all the analyses of the causal effects labour under the caveat of “may have placebo 

effects due to lack of blinding.” Yet the inference of causal effects is vital for this 

study as it has important (and potentially expensive) policy implications.2 For 

example, at the time of starting this Project (2008) there was a lively political debate 

over a plan to insulate and improve heating in all New Zealand homes. Currently the 

New Zealand government is offering a large subsidy to improve insulation and 

heating in residential housing.2 

 

The perfect RCT would be double blinded and have full compliance. Whilst extensive 

statistical analysis is available for some types of complications, such as compliance in 

RCTs, we found no statistical methods to describe statistical causality in an RCT in 

which the participants are unblinded.† Therefore, the goal of this project is to propose 

statistical designs and analyses to reduce the bias of estimates of causal inference in 

participant-unblinded RCTs. In this project, we use the data from the Heating Study 

                                                 
† In a double-blinded RCT, both the participants and researchers are blinded. In a community setting 
where it is impossible to blind the participants, the researchers may still be blinded. These trials are 
often called single-blinded, randomised control trials.  Unfortunately single-blinded can also refer to 
the research being unblinded while the participants are blinded. Therefore for clarity we will use the 
formulation participant unblinded. 
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as a worked example, together with simulated data to illustrate how underlying factors 

may, or may not be, accounted for using new analytical approaches. 

 

1.2 Goals for this Chapter: 

This chapter briefly outlines the key definitions and concepts in the placebo effect and 

causality. We show how the RCT is designed to express and measure the concept of 

causality and examine some common shortcomings that occur when inferring causal 

effects from RCTs in real trials. We briefly outline many of these shortcomings and 

how they are addressed by using modern statistical methods. Finally, we show that 

there is one shortcoming, ‘the placebo effect’, that requires new estimation 

approaches, which occurs to a greater or lesser extent through a lack of participant 

‘blinding’ in the Heating Study and other such trials.  

1.3  Placebos and the Placebo Effect  

As noted in a 1955 paper by Becher, “placebos have doubtless been used for centuries 

by wise physicians as well as by quacks.” 3 The placebo has a long and controversial 

history both in terms of its definition and effect size.4 There are a wide variety of 

definitions for both the placebo and placebo effects in use.5 A dictionary definition of 

placebo is a dummy (generally sugar) pill or treatment. Hence placebo effect is an 

effect that, “can sometimes improve a patient's condition, simply because the person 

has the expectation that it will be helpful.”6 This is often slightly generalised for 

common scientific usage , defining the placebo as “an inactive treatment or 

substance” and “The Placebo Effect” is then defined as the improvement of a 

symptom in proportions greater than in an untreated control group, further to 

treatment with an inactive substance, or after simulation of a therapeutic 

intervention.”7 

 

Shapiro (1968) provides a good overview of the many historic definitions of the 

placebo and an overview of it history, proposing the following definitions; 

 “A placebo is defined as any treatment (or that component of any treatment) that is 

deliberately used for its nonspecific psychological or psychophysiological effect, or 
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that is used for its presumed specific effect on a patient, symptom or illness, but 

which unknown to the therapist and patient, is without specific activity for the 

condition being treated. A placebo, when used as a control in experimental studies is 

defined as a substance or procedure that is without specific activity for the condition 

being evaluated. 

The placebo effect is defined as a non-specific psychologic or psychophysiologic 

effect produced by a placebo.”8 

 

These definitions tend to assume that there is treatment given, which is a placebo 

(such as a sugar pill), and the contrast between this placebo treatment and no 

treatment is the placebo effect. This is an over specific formulation, as it assumes a 

physical placebo. 

 

A more general and useful definition comes from Wamplod who expands on 

Grünbaum’s logic of therapeutic theory9 as follows, “for modern medicine and the 

physiochemical theory on which it rests, treatments involve interventions that affect 

the anatomy or physiology of the patient, and these changes purportedly benefit the 

patient. Any effects produced by other aspects of the treatment, including the hope, 

expectation, the therapeutic relationship, or the receipt of an explanatory system are 

often called placebo effect.”4 This is further clarified by Patterson, “an intervention 

can be divided into characteristic (specific) and incidental (placebo, non-specific) 

elements.”10 

 

These definitions are more useful, as they free the concept of a placebo effect from 

the need for the administration of a dummy/placebo treatment. They instead split 

every intervention into two elements, specific elements which are the known 

therapeutic mechanisms through which the intervention works and the non-specific 

elements, such as hope or expectation, which are incidental to the intervention, but 

may be present in a trial. This generalisation of the placebo effect is vital in our 

context, where the placebo effect occurs because the participant is unblinded to the 

group in which they have been placed.   

 

For greater clarity we have rephrased Wamplod and Patterson definitions in more 

statistically amenable terms: 
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1) The placebo effect is the effect caused by non-specific elements of the treatment 

including hope or expectation. 

2) The placebo effect is the effect unexplained by the specific elements of the 

treatment. 

 

The differing definitions of the placebo effect are problematic and it is clear from 

them that there are a number of different effects collectively and confusingly all 

referred to as placebo effect. Hence in Chapter Two, we present a framework for 

describing the component effects in an RCT. We use this framework to show how the 

placebo effect biases our estimate of the interventions effect, by differing between the 

treatment and control arms of the study. Consequently, we define the assignment 

effect in an RCT, as the contrast between, the ‘placebo effects’ in the treatment arm 

and the ‘placebo effects’ in the control arm. 

 

It is worth noting that the placebo effect as defined above will contain both non-

specific effects that may actually change health (such as hope and expectation) and 

non-specific effects that only change reported health (such as reporting bias). This is 

explained in more detail in section 2.4.  

 

1.4 The Size of the Placebo Effect 

Given the wide variety of contexts in which placebo effects can occur, it is not 

surprising that different studies find a wide variety of different sizes for placebo 

effects. One such context is when health effects are compared for situations where a 

placebo treatment was administered compared to the absence of a treatment; the 

differences between these results provide an estimate of the placebo effect. A 

Cochrane review of the effect of placebo interventions in general across all clinical 

conditions in 202 trials found that the placebo effect was small and not clinically 

significant11-13. The current 2010 update of this work states that, “in 44 studies with 

binary outcomes (6041 patients), there was moderate heterogeneity (P < 0.001; I2 

45%), but no clear difference in effects between small and large trials (symmetrical 

funnel plot). The overall pooled effect of placebo was a relative risk of 0.93 (95% 

confidence interval (CI) 0.88 to 0.99).”13 
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Another review found that trials that lacked blinding and reported subjective 

outcomes reported larger effects and had odds ratios that were significantly further 

from the null (ratio of odds ratios 0.75 (0.61 to 0.93)) than similar well-blinded 

studies.14 Whilst some have argued that the placebo effect  is a short-term or transient 

effect and hence unimportant a more recent study has shown that it is neither short 

term nor unimportant.15 Despite the large literature on the placebos and placebo 

effects, there appears to have been little effort in determining how the placebo effect 

fits in the model for statistical causality. 

1.5 Causality 

The concept of causality has occupied philosophers as well as scientists for millenia. 

For example, Aristotle defined the efficient cause as “the agent that brings something 

about”.16 In contrast the philosopher Bertrand Russell defined causal processes as 

follows “[a] causal line, as I wish to define the term, is a temporal series of events so 

related that, given some of them, something can be inferred about the others whatever 

may be happening elsewhere.” 17 From these notions of cause and effect, a review of 

causality by Parascandola et al, 18 listed five main types of causality: 

 

1) Production – where the causes are conditions that play essential parts in producing 

the occurrence of disease. 

2) Necessary causes- where the cause is a condition, without which the effect cannot 

occur. 

3) Sufficient-component causes – where the cause is made up of a number of 

components, no one of which is sufficient on its own, but which taken together make 

up a sufficient cause.  

4) Probabilistic cause – where the cause increases the probability of its effect 

occurring. Such a cause need not be either necessary or sufficient.  

5) Counterfactual cause – where the cause leads to a difference between what did 

happen and what would have happened had the cause not been present.  
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In RCTs, the most commonly used theory of causality is counterfactual causality and 

this concept of counterfactual causes plays a key role in experimental design 

literature.19 20 

1.6 Counterfactual Causality 

Counterfactual causes were first addressed by Hume in 1748, who wrote, “we may 

define a cause to be an object followed by another, and where all the objects, similar 

to the first, are followed by objects similar to the second. Or, in other words, where, if 

the first object had not been, the second never [would] had existed.”21 

 

The key idea is that the causal difference in outcome is the difference between that 

which occurred without the cause and that which would have occurred, had the cause 

been present. Because, in study design, “that which would have occurred” had the 

experiment not taken place is not measurable in our treatment group, we also measure 

the outcome for a substitute, untreated population. In the case of the Heating Study we 

wish to know what the health effects of installing new heaters are. In this case, we can 

measure what has occurred (and would normally occur) as changes in the health of the 

intervention group and use the control group as a substitute for what would have 

occurred had the heater not been installed.‡ However, a problem may arise if the 

control group is not a perfect substitute for the intervention group. This produces a 

confounding effect.  In terms of counterfactual causation “confounding is present if 

our substitute imperfectly represents what our target would have been like under the 

counterfactual condition”.20 An association measure is confounded for causal contrast, 

if it does not equal that causal contrast, because of such an imperfect substitution. 

 

1.7 Confounders in Counterfactual Causality 

The only way to be sure to avoid confounding is to measure the same group, where 

the cause both did and did not occur (at the same time). Unfortunately, this is 

impossible in the real world and a distinct group, called the comparison or control 

                                                 
‡ It is also possible to word both the definition and the example the other way round, but for statistical 
purposes the problem remains the same. 
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group needs to be defined. In an RCT, the control group is normally taken to be a 

“perfect representation” of the intervention group. This means that it is assumed that 

there are no differences between the groups that may affect the health outcome. For 

example, in the Heating Study, we cannot have the exact same children in both 

groups. So we must choose intervention and control groups, but as we know that boys 

are more likely to be asthmatic then girls, if we had more boys in one group than the 

other, this would lead to confounding by a gender effect. As the placebo effect can 

both affect the health outcome and be different between the two groups it is a 

potential confounder. The most common way of avoiding confounders is through the 

use of an RCT. 

1.8 The Randomised Controlled Trial (RCT) 

The most natural way of designing an experiment in order to express counterfactual 

causality is the RCT. In an ideal RCT, control and intervention groups can be thought 

of as perfect representations of each other, except that in the intervention group the 

cause did occur and in the control group the cause did not occur. Of all research 

designs, RCTs are considered to provide the highest grade of evidence.22 23 The ideal 

RCT has several important characteristics:  

1) Randomisation, which is the concept that everyone in a trial has the same chance 

as everyone else of being in the intervention group or control group. Hence, in a RCT 

before the intervention occurs the intervention and control groups are exchangeable. 

2) A control group, who get standard treatment as usual, even if this is ‘no’ 

treatment; 

3) A treatment group, to which the intervention has been applied. This group and 

our control group are defined by the randomisation. Before the randomisation they are 

indistinguishable elements of our sample population. 

 

These characteristics allow the RCT to be unbiased with respect to most known and 

unknown potential confounders. The randomisation or exchangeability ensures any 

potential confounders (such as gender in our earlier example) should be randomly 

distributed, without bias, between the treatment and control groups. This works for all 

natural occurring confounders (those are not affected by the fact that this is a trial), 

whether they are known or unknown. To deal with confounders that can be introduced 
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in the process of doing a trial, an ideal RCT should also have the following 

characteristics:  

4) Sufficiently large sample size, to provide a sufficiently balanced study design 

following randomisation. For known confounders one can of course test to see if the 

randomisation is balanced. But with sufficiently large sample size the randomisation 

itself ensure that the even unknown confounders are not biasedly distributed.    

5) Perfect compliance and follow-up ideally all participants would complete either 

the control or intervention treatment, based only on the group they were randomised 

to.  

6)  Blinded researchers, which means that the researchers and particularly those with 

patient interactions, are blind to who is in the intervention and control group. Also, 

the analysis should be carried out before it is known which group is the intervention 

group and which group is the control group. 

7) Blinded participants, which means that the participants are blinded to whether 

they are in the treatment or the control group. This implies participants in both groups 

should experience the identical measurement regimes.   

8) No Hawthorne Effect (or Measurement Effect) present. Ideally participants would 

not change (or not be able to change) their outcomes, due to the fact they knew these 

are being measured as part of a trial. 

 

The  Hawthorne Effect is a change in the health outcome for the sample relative to the 

sampling frame, caused by the participants knowing that they are in an experiment.24 

In the Heating Study this could be present, if the children, by measuring lung function 

every day are also likely to remember to take their medication more often. Such a 

situation leads to confounding (Hawthorne Effect described in greater detail later). 

 

If all seven characteristics are achieved, the treatment group should represent what 

happens when the intervention/cause did occur and the control group represents what 

happens when the intervention/cause did not occur. Therefore, any differences 

between the treatment and control groups are due to the causal effect of the 

intervention. A researcher’s ability to design an ideal RCT of course depends on the 

context of both the intervention itself, and the population or setting on which they 

wish to use the intervention.  
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1.9 Settings for RCTs: 

The setting in which an RCT is carried out can have important implications for which 

of the ideal characteristics can be achieved. In an ideal RCT, where all subjects do 

exactly as instructed, causality can easily be measured by measuring the difference in 

the outcomes between the intervention and control groups. The easiest setting in 

which to achieve all the criteria necessary for an ideal RCT is the one it was originally 

designed for, namely agricultural trials.25 In this setting, once the randomisation is 

done, and the controls are given whatever is the “standard treatment”, there are no 

difficulties with blinding, compliance or Hawthorne Effects, because obviously the 

inanimate subjects have no consciousness of the trial or measurements and cannot 

move. 

 

However, in a clinical setting, rather than having plants as the participants, people are 

the participants and they respond to various cues in ways that can potentially be 

problematic. In a typical clinical RCT, pill A (treatment of interest) is contrasted with 

pill B (standard treatment). Potential problems include:  

1) Imperfect compliance or follow-up as, people being people, one rarely gets 100% 

compliance and follow-up. This  can result in a bias where  compliance or follow-up 

rates differ between the treatment and control group. Differing rates of compliance 

and follow-up may happen where the pill A has some side effects, leading to people in 

the intervention group to stop taking the assigned treatment or to drop out altogether. 

Alternatively, when the treatment is substantially more effective than the control more 

people may continue taking the medication in the treatment group, which would then 

likely have both higher compliance rates and retention rates. 

2) The fact that people know they are being measured means a Hawthorne Effect is 

present, for example in diet studies “it is well known that increased attention during 

research improves outcomes (the Hawthorne Effect).”26 Such effects occur equally in 

both the treatment and control arms. 

 

In the community setting, where the intervention is an infrastructural change to a 

house or neighbourhood characteristic, compliance is often less of a problem. This is 

because once an infrastructural change is made it is harder to change back than in the 

clinical setting, where participants can simply stop taking the pill. However, whereas 
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blinding is often relatively easy to achieve in a clinic a setting, where a “sugar pill” 

can blind participants to which group they are in, there is often no plausible “sugar 

pill” equivalent for an infrastructural change such as for the installation of a heater.  

These characteristics of different trials are summarised in Table One. 

 
Table 1-1: Characteristics and limitations of different trial settings  
What is normally* possible to 

achieve 

Agriculture 

Trial 

Clinical 

Trial 

Community 

Trial 

Randomisation Y Y Y 

Controls Y Y Y 

Treatment Group Y Y Y 

Blinded researchers Y Y Y 

Blinded participants Y Y N 

Compliance Y N Y 

No Hawthorne Effect Y N N 
* Potentially any of these factors may not be achieved in a particular trial. These are indicative of what is normally 

achievable. 

 

While in the three settings of agricultural, clinical and community trials most of the 

key characteristics of an ideal RCT can potentially be achieved, it may often not be 

possible, practical or ethical to do so. In other cases, while it may be possible to 

design an ideal RCT, problems with aspects of a trial’s protocol may not be known in 

advance and only become apparent after the trial. To deal with these problems, there 

are a wide variety of study types and statistical analytical tools available. A select few 

of the more common problems and statistical solutions are outlined below. 

1.10  When Randomisation, Control Groups and Treatment 
Groups are not available 

In many cases randomisation is impossible, such as with non-manipulable factors 

such as individual ethnicity and gender.27 Hence, in such studies, there can be no 

assignment to control or treatment groups. For example, to see if gender affects 

asthma, it is impossible to randomly assign participant gender. Nevertheless, 

statistical analysis of such studies is possible; the above example could be studied by 

case-control or cohort designs, but the gender is not assigned by a researcher. 
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Unfortunately, in these cases we are generally limited to observational epidemiology,  

where in order to show counterfactual causation we must either assume that there are 

no unmeasured confounders or use an unusual design such as instrumental variables 

(see section1.12 for example. Otherwise we are limited to only showing association. 
28 

 

1.11  When Perfect Compliance does not Occur 

Even in well-designed RCTs such as clinical trials, perfect compliance may be 

difficult to achieve due to non-compliance and differential dropout (due to negative 

side effects or the positive effect of treatment). There is a large statistical literature 

that tries to address this. The most common method is to report the analysis as 

‘intention to treat’ (ITT), in which we contrast those randomised to the intervention 

group with those randomised to the control group. This approach is often 

unsatisfactory as it equates the causal effect to the effect of randomisation, rather 

than treatment. Two long established methods can be used to give the effect of 

treatment.  

i) ‘As-Treated’ (AT) analysis: we contrast those who took the treatment with 

those who did not, regardless of which group they were assigned to. 

ii)  ‘Per-Protocol’ (PP) analysis:  only those who successfully completed the 

protocol for their assigned group are considered.29 

These approaches have different definitions of the intervention and control groups. 

The new assumption is that these groups are now prefect random copies of each other. 

Where this condition is met the AT and PP methods do provide an unbiased estimate 

of the effect caused by treatment. In practice this assumptions is frequently incorrect 

and the AT or PP analysis is shown alongside with the ITT analysis to highlight what 

the results are under the different assumptions.30  Another, more recent approach to 

changing the assumptions is the use of instrumental variables. 
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1.12  Instrumental Variables 

Instrumental variables have been used in situations where an exposure is known to be 

dangerous, so cannot ethically be assigned by the researchers.31 Instrumental variables 

are a recent statistical technique, adopted from econometrics, that can be used  with 

certain assumptions to infer counterfactual causality, without using a RCT.32 In a 

study where we wish to look at the effect of an exposure (E) on a disease (D), if there 

exists another variable Z, such that Z affects D only through its effect on E, then Z is 

an instrument and through an instrumental variable analysis the causal effect of E on 

D can be unbiasedly estimated. 

 

 

 

 
Figure 1-1: Instrumental variables 

 
An easy to understand example of this is smoking and lung cancer. There are a great 

many observational studies that show smoking is associated with lung cancer adjusted 

for known confounders, but these only meet the definition of counterfactual causation 

where we can assume there are no unknown confounders. To avoid this assumption it 

is possible to design a study that uses the assumptions instrumental variables instead, 

in this case smoking is the exposure and lung cancer is the disease, then a change in 

the price of cigarettes, through taxes for instance, should affect smoking, but not 

affect lung cancer in any other way. Therefore the price of cigarettes is an 

instrumental variable. So in order to say smoking causes lung cancer we can either 

assume there are no unknown confounders or the price of cigarettes only effects lung 

cancer through it effect on smoking. There are many studies where either of these 

assumptions can be quite plausibly made. 

Z 

E D 
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A good example of where an instrumental variable analysis has been used in 

community studies to deal with imperfect compliance is the Moving to Opportunity 

Study.33 Briefly,  in this study half the participants- which are families with children 

living in tracts of high rates (greater than 40%) of poverty - are randomly offered 

vouchers to move to areas of low rates of poverty (less than 10%).  Roughly half of 

those offered the vouchers actually moved. The authors note the ITT estimate is best 

described as the parameter of interest when “a similar voucher is offered to a similar 

population in a similar manner …” this is “because the ITT estimate combines 

treatment effect and treatment uptake. Not only can the overall effect estimate be 

improved by encouraging greater compliance, but the uptake proportion may also 

change in response to the size of the administration of the program because of 

dependency of uptake on the perception of the program as “experimental” versus 

normative.34 Or uptake may increase if it becomes known to subsequent participants 

that the treatment was shown to be “effective” in the previous randomized trial.”  The 

authors also state the ITT estimate is less generalizable and more variable then an 

estimate of the effect of the treatment. They estimate the effect of the treatment by 

using the randomisation itself is  as the instrument. That is they assume that 

randomisation affects the likelihood of moving but does not affect health in any other 

way. 

Instrumental Variables offers great potential in showing causality, where an RCT is 

implausible, or compliance is poor, but it requires careful design and it is often 

difficult to find a suitable instrument.32  

 

The common method of using the randomisation as the instrument does not work with 

the placebo effect as, by its nature, the placebo effect means randomisation has a 

direct effect on the outcome. Instrumental variables could only be used to estimate the 

placebo effect in the special circumstances where we had an instrumental variable that 

caused a placebo effect, but did not affect the health outcome in any other way. Such 

an instrumental variable is likely to be sensitive to the study context and therefore 

could not be easily generalised.  
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1.13  The Hawthorne Effect 

The Hawthorne Effect is a change in the variable we wish to measure, in response to 

the fact that the subjects know that they are participating in an experiment. Its name 

derives from the analysis of famous study on worker productivity in the Hawthorne 

Works. “Hawthorne Works had commissioned a study to see if its workers would 

become more productive in higher or lower levels of light. The workers' productivity 

seemed to improve when changes were made and slumped when the study was 

concluded. It was suggested that the productivity gain was due to the motivational 

effect, of the interest being shown in them. Although changes of workplace lighting 

was the most famous cause of the Hawthorne Effect, other changes such as 

maintaining clean work stations, clearing floors of obstacles, and even relocating 

workstations resulted in increased productivity for short periods.” 35  Even though this 

interpretation of the original analysis has been discredited by reanalysis which 

showed day of the week was an important omitted confounder,  24 the Hawthorne 

Effect remains the name given to changes due solely to measurement. 

 

The Hawthorne Effect has been identified in various fields with slightly differing 

meanings and interpretations,36 but it is generally agreed that it may be of importance 

in some clinical settings.37 In this project, we define the Hawthorne Effect as any 

effect that is solely due to the participant being part of a trial; it is the same, whether 

they are in the control, or intervention group. 

 

The Hawthorne Effect is a potential problem for all RCTs, where the participants 

know they are under observation as this is almost always the case due to the ethical 

requirements for informed consent. However, it is generally ignored as it applies 

equally to both the treatment and control arms, so should not affect the difference 

between the intervention and treatment group. Although the Hawthorne Effect may be 

important, within the limits of this project, it is not possible to quantify it; instead our 

focus is on the effects that differ by assignment to the treatment and control groups, 

i.e. placebo effects. 
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1.14  When Participant Blinding is Impossible 

In other scenarios, the blinding of the subjects is impracticable, such in the example of 

the Heating Study38. When, the population of households were randomised into two 

groups, one group received new heaters in the child’s family house (intervention 

group), but not the other group (control group). In this situation, the participants did 

know to which group they were assigned, as the installation of the heater in the house 

signalled to the participants that they were in the treatment group, and vice-versa, 

leading to a possible placebo effect. There is nothing in the literature regarding 

appropriate statistical methods to adequately deal with causal inference in this 

situation, where a placebo effect is likely.  

1.15  Outline of this Thesis 

The goal of this project is to develop new approaches to statistical analyses for causal 

inference in participant-unblinded randomised control trials. To illustrate the 

development of the methods, we will use the Heating Study as a worked example. 

 

This thesis is divided in four parts comprising ten chapters.  In the first part, which 

covers Chapters One, Two and Three, we outline the theoretical problem and our 

theoretical solution. Chapter One, which you are nearly finished reading, introduces 

the problem. This problem is that current statistical methods give biased estimators 

for unblinded RCTs with placebo effects. Therefore, it is necessary to develop new 

approaches to statistical analyses for causal inference that account for the placebo 

effect in participant-unblinded, RCTs. 

 Chapter Two is our presentation of the problem to the non-statistician. In this chapter, 

we show using the simple notation how the concepts of placebo effect and statistical 

causality are intertwined in participant-unblinded RCTs. We do this to introduce some 

statistical concepts to readers unfamiliar with statistical notation. 

  

Chapter Three presents our framework for the discussion of statistical causality in 

participant-unblinded RCTs. We start this chapter by introducing the standard 

notation for both the diagrams and the models that describe them. We then introduce 

our theoretical framework. In this framework, we first show what we think is a 
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representation of causality, with all the key methods and variables that are needed to 

describe causality in participant-unblinded RCTs. To illustrate these key approaches 

we present each of them separately and then final combine the approaches in the full 

model. For each of the approaches in this chapter we form estimators of both the 

intervention and assignment effect. These estimators are applied to the Heating Study 

in later chapters. 

 

In the second part, which is comprised of Chapters Four, Five and Six, we introduce 

the worked example of the Heating Study, and look at the key mechanisms needed to 

better describe causation in this study. Chapter Four describes our worked example 

the Heating Study and show the standard (published) analysis of the data, which does 

not take account of the placebo effect. To build upon this published analysis we need 

to explore the mechanism by which the intervention affects the health outcome. In the 

Heating Study there are two such mechanisms, nitrogen dioxide and temperature.  

In Chapters Five and Six we exploit the richness of the Heating Study to examine the 

two key mechanisms in detail. These chapters show how we ‘best’ measure nitrogen 

dioxide and temperature in terms of their health effects. These two chapters each 

answer a discrete and interesting sub-question and are therefore presented as papers. 

The results are then used in later chapters. 

 

In the third part, which comprises of Chapter Eight, Nine and Ten, we model the three 

new methods: 1) the dummy outcome method, in which a dummy outcome is used 

to estimate the placebo effect; 2) the susceptibility method, in which a variable X is 

used to represent the susceptibility to placebo effects; and 3) the measured 

intermediate variables method in which measured intermediate variables are used to 

estimate the true effect of the intervention. This is done in three chapters. Firstly, in 

Chapter Seven we use simulated data to examine each method. This allows us to see 

how the methods perform under known levels of the placebo effect. In Chapter Eight, 

the simple models from Chapter Seven are applied to the Heating Study data, 

including the measurement of NO2 and temperature developed in Chapters Five and 

Six, to give relatively simple models that estimate the placebo effect in the Heating 

Study. In Chapter Nine we present our final models. In this chapter, we use a 

Bayesian framework to combine our three new methods and develop the two final 

models that were suggested by the framework in Chapter Three.   
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The final part is Chapter Ten where we conclude this thesis with a discussion of our 

findings and our recommendations for future studies. 
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2 Statistical Causality and the Placebo Effect 

2.1 Background 

In the introduction, we identified the ideal RCT as the gold standard for showing the 

causal effect of a given treatment on a given outcome. When aspects of an RCT are 

not implemented perfectly, biases arise in the standard ways of estimating the effect 

sizes. While statistical methods are available to allow for imperfect compliance, there 

are currently no statistical methods available for dealing with the situation where the 

blinding is imperfect and we have found no example of studies where such 

adjustments are attempted. This is despite the fact that there are many experimental 

situations, such as in a community trial, where it may be impossible to blind the 

participants. 

2.2 Literature Review 

We hoped to find participant-unblinded studies in which a statistical analysis was 

done to allow for the placebo effect. Hence we searched for published papers that had 

the "placebo effect", "statistical causality" or "statistical methodology" and "blinding" 

or "unblinded" in the title, keywords or abstract. We searched the Web Of Science, 

Embase, Pub Med, Ovid, Highwire and Oxford Journal databases. From these 

searches, 412 papers were found and of these 258 described blinded placebo control 

trials; 23 papers were on the placebo effect (both reviews and trials of placebos). The 

most important of these are referenced in the introduction. The remaining 131 were 

not relevant, as in these papers  the authors concluded that a placebo controlled RCT 

should be done. We found no papers that described a statistical analysis, which 

adjusted for the placebo effect in an unblinded trial. We also looked at studies citing 

either of two papers by Hröbjartsson (a Cochrane review of the placebo as a treatment 

in RCTs11 and a paper on the methodological difficulties in measuring the placebo 

effect), 5 none of which described a statistical analysis that adjusted for the placebo 

effect. Books were excluded, as most statistical textbooks describe “blinding” as a 

solution to “placebo effects” and hence meet our search criteria without offering any 

additional insight. 
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2.3 Chapter Goal 

This chapter describes with a minimum of statistical notation the thought processes 

that underlie this project and as an indication of our goals. We describe a simple RCT 

and the concept of causality through a contrast. We use this approach to describe the 

intervention effect and to redefine the placebo effect as an assignment effect. We 

show how the assignment effect can cause bias for the most common estimation 

method.  

 

2.4 Mechanisms of Effect in a Participant-unblinded RCT: 

There are five general types of mechanisms affecting the measurement of health 

effects that can occur in every participant-unblinded RCT. We show a representation 

of these mechanisms in Figure 2-1. 

1. Treatment arm effects:  These are health effects actively caused by the treatment. 

These would be the same, whether or not the treatment was carried out as part of the 

experimental design. These are denoted by βT in Figure 2-1. In the Heating Study this 

is the effect of the installation of the heaters on respiratory health outcomes. 

2. Control arm effects: In some settings, it is possible that there could be an active 

effect of the control, such as in the setting where the control group is given a standard 

treatment. These are the same whether or not the treatment was carried out as part of a 

trial. These are denoted by βC in Figure 2-1. In the Heating Study, this can be taken as 

zero as no change was made to the controls. 

3. There are health effects that are due solely to the fact that this is an experiment and 

the participants realise that they are being measured in the context of an experiment. 

As we noted in the introduction, it is a recognised phenomenon that subjects in 

experiments often behave differently due to being under observation, an effect that 

does not differ between the control and intervention groups. These are known as 

Hawthorne Effects and are denoted by ιh in Figure 2-1. In the Heating Study a 

Hawthorne Effect can occur due to the regular recording of the children’s health 

status, which increases their parent’s awareness of asthma symptoms, potentially 
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leading to more regular use of their medication and hence a reduction in the severity 

of the asthma symptoms experienced. However, this effect is by definition equal in 

both groups. 

4. Effects of assignment to the treatment arm. These are health effects caused by 

the participant knowing that they are in the treatment arm of an experiment. These are 

denoted by γT in Figure 2-1.  In the Heating Study this is the effect of the placebo 

factors, including those in Table 2-1 caused by knowing you are in the treatment 

group. 

5. Effects of assignment to the control arm. These are health effects caused by the 

participant knowing that they are in the control arm of an experiment. These are 

denoted by γC in Figure 2-1.  In the Heating Study this is the effect of the placebo 

factors, including those in Table 2-1, caused by knowing you are in the control group. 

It is envisaged that the effect of these factors, such as hope and expectation, will have 

less of an effect in the control arm, (who did not have the heaters, when the outcomes 

are measured) than in the treatment arm (who already had the heaters when the 

outcome was measured). 
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Table 2-1: A selection of possible respondent effects and resultant bias in unblinded studies. 
Description Type of 

effect 
Effect on 
Treatment 
Group 

Effect on 
Control Group 

Serious researchers are implying 
that the new heater will improve 
health. Participants may expect this 
will work. 

Placebo Possible 
improvement 
in health 

No change 

Participants have got or will get a 
free heater. This could improve 
morale in the home. 

Placebo Possible 
improvement 
in health 

Possible lesser 
improvement in 
health 

Some participants may feel 
lucky/unlucky to be picked for the 
intervention/control group 

Placebo Possible 
improvement 
in health 

Possible 
worsening of 
health 

Some participants approve of the 
study goals and wish to help the 
study by giving the ‘right’ answers. 

Placebo* Possible 
reported 
improvement 
in health 

Possible 
reported 
worsening of 
health 

Some participants may feel under 
pressure to give the ‘right’ answer 
to the community worker, who is 
assisting in completing the 
questionnaires 

Placebo* Possible 
reported 
improvement 
in health 

Possible 
reported 
improvement or 
worsening in 
health 

Participants are aware that their 
child’s asthma is the focus of the 
study and the very act of recording 
and focusing on the child’s asthma 
symptoms means they take better 
care to minimise the symptoms. 

Hawthorne 

 

Possible 
improvement 
in health 

Possible 
improvement in 
health 

 
Table 2-1 shows of the most common types of respondent effects in unblinded 
studies, from this we can see that placebo effects are maybe different for the treatment 
and control groups, whereas Hawthorne effects are the same between the two groups. 
In Table 2-1 we can also see that there are two sub-types of placebo effects 1,2 and 3 
that may affect “real” health and 4 and 5 that only affect the “reported” health. 
Ideally it we would separate the placebo effects on ‘real’ health from the placebo 
effect on reported health. Unfortunately we are not able to distinguish between these 
sub-types of placebo effects in this thesis and in all our models where we examine 
placebo effects, we are considering both real and reported effects. 
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Figure 2-1: A flow diagram illustrating a study with both Hawthorne and Placebo effects present. 

 
 
 
We use this to highlight the mechanisms for effects in a participant-unblinded RCT, in 

Figure 2-1.  

μ0 = baseline health status in untreated, unobserved individuals. 

ιh = Hawthorne Effect = the effect of being observed, this affects all participants. 

βT = Treatment effect = The effect of the active part of the treatment (The heating 

effect of the heater, the active pharmaceutical effect of the drug, etc.) . 

βC = Control effect = The effect of the of the control treatment. (This is often zero, but 

can be non-zero if a “usual or standard” treatment is applied to the controls).  

γT = Effects of assignment to the treatment arm = The effect of knowingly being 

assigned to the treatment group, apart from the active treatment effect. 

γC = Effects of assignment to the control arm = The effect of knowingly being 

assigned to the control group, apart from the active control effect, if an active control 

treatment is applied. 
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Figure 2-1 above shows the five effects present in an RCT ιh, βT, βC, γT, and γC. Of 

these βT and βC are the specific effects and ιh, γT, and γC are the non-specific effects. 

Hence, ιh, γT, and γC can all be considered placebo effects. The Hawthorne Effect ιh, is 

often separated out, as it does not differ between the two groups. In the context of a 

blinded trial, the participant will not know to what group they are assigned and it is 

then assumed that γT, and γC are equal. 

2.5 Contrasts in Effect 

In counter-factual causality the effect of a cause is the contrast, or difference, between 

what happens when the cause occurs and what happens when the cause does not 

occur. In an RCT, the cause is the intervention and what happens when the cause 

occurs is represented by the treatment group; what happens when the cause does not 

occur is represented by the control group.  

2.6 The Intervention Effect 

In an ideal RCT, the effect of an intervention can be measured by the contrast or 

difference between the treatment and control groups. In such an ideal RCT, with no 

Hawthorne or placebo effects, the only non-zero effects in Figure 2-1 are βT and βC. 

Therefore in an ideal RCT, the intervention effect is the difference βT – βC. This is 

denoted by β and β= βT – βC.  

Note: Here we have two ‘effects’ a treatment effect and a control effect and we have 

defined the intervention effect as a contrast. This use of the term intervention effect 

(as opposed to intervention contrast) is done as it is same the intervention effect as 

reported from RCTs in the medical literature.39 40 41 However, in the statistical 

causality literature what we have called the intervention effect is referred to as the 

causal contrast of the intervention.19 42 43  

In the Heating Study, βC is zero as the controls are given no treatment and hence β= 

βT, and the ‘treatment effect’ equals the ‘intervention effect.’ However, in other 

studies where a ‘standard treatment’ is used as the control βC ≠ 0, the ‘treatment 

effect’ and the ‘intervention effect’ differ. 
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 In a more complex RCT, with both Hawthorne and placebo effects due to 

assignment, we still define the true intervention effect as β,, however this can no 

longer be as easily estimated, as we must consider the other effects. 

2.7 Individual Placebo Susceptibility 

Whilst the placebo effect is represented above in terms of the effect γT and γC , in fact 

the placebo  response shows pronounced interindividual variability.44 Various theories 

have been advanced as to the cause of this variability, work by Leuchter et al suggests 

that the placebo effect may have a genetic component44; an older study from Lasagna 

suggests that a Rorschach test (a psychological test involving the interpretation of 

inkblots) may identify those most susceptible.45 It is most likely that individual 

susceptibility may differ depending on both the study context and how the 

intervention is delivered. It may be that mechanisms at an individual level depend 

more on personality and not on how the ‘placebo’ is presented, as a recent study has 

shown that there can even be a significant placebo effect, even when patients are told 

they are receiving a placebo.46 In the context of RCTs, it is important to allow for the 

individual nature of susceptibility to the placebo effect. We denote the susceptibility 

to placebo effects as X. 

 

One simple means of modelling susceptibility is in Figure 2-2, where we have 

assumed that the susceptibility to the placebo effects X is binary, such that 

susceptibility is present or not present in each individual. In this simple case we 

assume that susceptibility to the placebo in the treatment arm is the same as 

susceptibility to the placebo in the control arm. 

 

In fact, if susceptibility to the placebo effects in the treatment arm is given by a 

variable XT and susceptibility in the control group is given XC, XT and XC differ 

because people may respond in different ways to being randomised to the treatment or 

control groups.  The characteristics that determine their response may differ between 

individuals. Some individuals may have no reaction to being put in the control group, 

but a positive response to been put in the treatment group. Others may react 

negatively to being in the control and be indifferent about being assigned to the 

treatment group. The predictors of these two behaviours may not be the same. 

http://en.wikipedia.org/wiki/Psychological_test
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We can, however, define susceptibility X to be 𝑋𝑖 = 𝑋𝑇𝑖𝑍𝑖 + 𝑋𝐶𝑖(1 − 𝑍𝑖)   the 

susceptibility of those in the treatment group to placebo effects from being in the 

treatment group and the susceptibility of those in the control group to placebo effects 

from being in the control group. Where Zi is there assignment status, this is 1 if the ith 

individual is in the treatment group and 0 if they are in the control group. 
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Figure 2-2: An illustration of a simple study with treatment, Hawthorne Effects, placebo effects 
and placebo susceptibility. 
 
 
 

 
 
 
 
 
 
 
 

In Figure 2-2 we again have only three levels of effects, Hawthorne, intervention and 

placebo,  but in this figure we have introduced an unmeasured binary variable X, (the 

susceptibility to placebo effects), that is present in some fraction of the population. In 

a randomised study, with XT =XC then P(X=1|Z=1) = P(X=1|Z=0).  Note, we assume 

+ιh 

Treatment
+βT 

Control 
+βC 

μ0 

Susceptible  
+γT 

Susceptible 
+γC 

Baseline 

Hawthorne 

Intervention 

Assignment 

μ0 + ιh +βC +γC 
 

μ0 + ιh +βt +γT 
 

Not 
susceptible 
+0 

μ0 + ιh +βt 
 

 

Not 
susceptible 
+0 
 

μ0 + ιh +βC  
 Outcomes 

X=1 
X=0 X=1 

X=0 



27 
 

here that the susceptibility to the placebo effect is binary (it is either present or it is 

not). In fact, the susceptibility to the placebo effect is likely to vary in strength 

between people (we have simplified the situation above). 

 

2.8 The Assignment Effect 

If we imagine a modified RCT, where we used a ‘placebo’ (or sugar pill) as the 

intervention, this has placebo effects that differ by assignment. In such an RCT, β the 

true effect of the intervention, would be zero. Hence, the contrast or difference 

between the groups would be γT 𝑋�𝑇- γC𝑋�𝐶 (Where 𝑋�𝑇 is the mean of XT in the 

treatment group and 𝑋�𝐶 is the mean of XC in the control group). Defining the ‘placebo 

effect’ in terms of a ‘placebo’ or sugar pill is not ideal. However, in Figure 2-2, this 

contrast (γT 𝑋�𝑇- γC𝑋�𝐶) can be thought of in two ways. Firstly, it is the contrast in the 

non-specific effects (γT and γC) between the treatment and control groups. Secondly, it 

can also be thought of as the as the contrast between the treatment and control groups, 

that remains unexplained by the specific effects (in Figure 2-2 the specific effect is the 

intervention effect). 

 

In the view of some researchers “generally the conceptual and methodological 

confusion in the field of placebo is of such a magnitude that references to placebo 

effects are incomprehensible without further clarification. It might be time to stop 

using the term placebo effect and instead specify which kind of intervention one is 

referring to, and how its effect was measured.”5 In particular, the term ‘placebo effect’ 

is problematic because in our context of the Heating Study where we can identify 

several ‘placebo effects’ and no ‘placebo’. 

 

To avoid this confusion we define the assignment effect.  From the above, we have 

two definitions of the putative assignment effect: 

1) The assignment effect is the difference between the treatment and control groups, 

caused by non-specific elements of the treatment. 

2) The assignment effect is the difference between the treatment and control groups 

unexplained by the specific elements of the treatment. 
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We will denote the Assignment effect as A(X) and note that A(X) = γT X–γC X. We 

use this notation to show the possible dependence of the magnitude of the assignment 

effect on the assignment susceptibility X.   In a blinded study, as the participants are 

unaware of which group they are in, we can assume that γT = γC and hence A(X) = 0. 

In contrast, in an unblinded study, it may be that γC ≠ γT and hence A(X) ≠ 0. 
 

Later in Chapters Three and Eight, we show how there can be a difference between 

the two definitions above.  

This second definition of the assignment effect is also equivalent to: 

3) The ‘placebo’ effect where the ‘placebo’ (sugar pill) is the intervention. 

4) The bias in the intervention effect in the ITT model. 

 

Note again, here the ‘assignment effect’ is in fact the contrast between the effect of 

being assigned to the treatment group and the effect of being assigned to the control 

group. The assignment contrast would be a more natural name for this, but in order to 

parallel the intervention effect (also a contrast) we have used the term assignment 

effect. Because we are using the term assignment effect instead of the more general 

placebo effect, we also are using the term assignment susceptibility instead of placebo 

susceptibility.  

It is also important to remember that the assignment effect, like the placebo effect, 

contains both real and reported health effects. 

2.9 The Hawthorne Effect 

The Hawthorne Effect is the same in both the treatment and control groups and 

hence the contrast of the Hawthorne Effect is zero and it is not estimable from a 

typical RCT. This is why the Hawthorne Effect is often ignored, when making 

inferences from controlled trials. It is of course of important in community trials 

where policy is being reformed that may lead to widespread, but unobserved, 

community level interactions. The estimation of size of the Hawthorne effect is 

unfortunately beyond the scope of this project.   
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2.10  Conclusion  

We have described the mechanisms for causing health effects in an RCT and show 

how the key issues in estimating this effect is the causal contrast. We have used this 

concept of the causal contrast to define the intervention and assignment effects. We 

have also introduced the idea of a random variable X for assignment susceptibility.  

 

We next introduce diagrams, which produce a more standard representation of the 

models. We use these to describe the important features of our approach to infer 

causality in unblinded randomised trials. 
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3 A Statistical Representation for Participant-
unblinded Randomised Control Trials 

3.1 Chapter Goal 

This chapter serves as a framework for our approach to the quantification of potential 

biases arising from the lack of blinding in participant-unblinded RCTs. Initially, we 

introduce some definitions and more formal notation. Next we introduce the 

Intention-To-Treat (ITT) approach, which is currently the standard approach used in 

the analysis of participant-unblinded RCTs. We show that this approach does not 

allow estimation of the assignment effect. 

We then use various approaches to build our complete representation of the causal 

pathways in a participant-unblinded trial. This representation consists of three 

different elaborations on the ITT approach: the susceptibility approach, the dummy 

outcome approach and the measured intermediate variables approach. For each of 

these approaches we describe in what circumstances each is appropriate and then 

show that given some specified assumptions these approaches can estimate the 

assignment effect.  We combine the susceptibility and dummy approaches to give a 

fourth approach which we call the combined approach, which is our preferred 

approach in the Heating Study. Finally we refer back to our complete representation 

and present one final model based on this complete representation. We call this the 

full model and it incorporates the susceptibility, dummy and intermediate variable 

approaches. 

 

The models presented in this chapter are the representations of the models used in 

Chapters, Seven, Eight and Nine. While some of the most important advantages, 

assumptions and limitations of each model are presented here, the full discussion of 

each approach is presented in more detail in the Chapters Eight and Nine. 

3.2 Definitions  

In Chapter Two we defined the assignment effects in two ways as follows: 
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1) The assignment effect is the difference in the health outcome between the treatment 

and control groups, caused by non-specific elements of the treatment. 

2) The assignment effect is the difference in the health outcome between the treatment 

and control groups unexplained by the specific elements of the treatment. 

 

In this chapter we present modelling approaches for RCT’s with an assignment effect.  

These approaches use the following variables:  

Y = The principal health outcome(s) of interest 

Z = Binary assignment variable (Z=0 for controls, Z=1 for treatment) 

X = Assignment susceptibility, which we regard as unmeasureable 

S= A measured proxy for X. This may be an incomplete set of variables that describes 

or is correlated with assignment susceptibility  

D = Dummy outcome variable(s). These are outcome variables that are unaffected by 

the specific (health related) intervention effects, but which we assume are affected by 

the assignment effect 

MY = Measured intermediate outcome variables that capture the direct and specific 

health-related effects of the intervention.  This may be an incomplete set of such 

variables  

U = All other variables that are not affected by the specific or active elements of the 

intervention. These include unmeasured variables and participant attitudes such as 

hope and expectation 

Y-1= The health outcome(s) of interest, measured before the assignment takes place or 

at baseline 

D-1= The dummy outcome(s) of interest, but measured before the assignment takes 

place or at baseline 

 

In all the models presented in the project the definition and interpretation of these 

variables remain the same. Each model also contains parameters subscripted by the 

outcomes e.g. αY, βY, and γY. These parameters are subscripted by the outcome 

variable of the model: hence αY is used in the models with Y as the outcome and αD is 

used in the models with D as the outcome. The estimation and interpretation of these 

parameters is, of course, dependent on the model used. 
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For each model we specify the linear predictor ηY for the outcome Y. In general, the 

model implied by ηY depends on the distribution of Y. In this project we have two 

types of outcome variables, these are Bernoulli (Binary) and Normal. 

In this project, we use the framework of the generalised linear model so  

for Y ~ Bernoulli (p), the link function is the logistic link so logit (p)= 𝜂𝑌 

 and for Y ~Normal (ηY,𝜎𝑌2), the link function is the identity, therefore the linear 

predictor ηY predicts the mean of Y. 

 

For each outcome, the contrast in the linear predictor between the treatment and 

control groups (denoted by ΔηY) is a measure of the effect on Y of changing the 

assignment group in the trial. 

∆𝜂𝑌 = 𝜂𝑌[𝑍 = 1] − 𝜂𝑌[𝑍 = 0] 

In is important to recall that both the intervention effect (denoted by β) and the 

Assignment effect (denoted by A) are defined in Chapter Two as contrasts. In fact the 

Assignment effect is the contrast in Y not explained by the intervention β hence: 

𝐴 = ∆𝜂𝑌 − 𝛽 

or 

∆𝜂𝑌 = 𝛽 + 𝐴 

 

Where these contrasts depend on the level of susceptibility to the assignment effect X 

this dependence is shown by the notation (X) 

∆𝜂𝑌(𝑋) = 𝛽(𝑋) + 𝐴(𝑋) 

 

In Chapter Two we defined the intervention and assignment effects in terms of 

contrasts. We can use the notation above to represent these previous definitions of the 

intervention and assignment effects. We recall that the ‘true’ effect of the intervention 

or the intervention effect was defined as the contrast from a double-blinded RCT 

where we assumed there was no assignment effect γ. (recall γ=γT – γC and in a double-

blind RCT γT = γC).  

The intervention effect is therefore: ∆𝜂𝑌|[𝐴(𝑋) = 0] =  𝛽. 

The assignment effect was defined using a ‘placebo intervention’ RCT where the 

intervention effect β=0 and hence we note the assignment effect = ∆𝜂𝑌|[𝛽 = 0] =
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 𝐴(𝑋). Because the Hawthorne Effect does not vary between the intervention and 

control groups, it does not appear in the contrast ∆𝜂𝑌. 

In each of the models we wish to estimate β. To distinguish the notation for the 

estimators �̂�  from the various models, we use the notation �̂�(𝑀𝑜𝑑𝑒𝑙 1) to denote the 

estimator of β from (Model 1). This shows it is both an estimator as denoted by the �  

and comes from Model 1 as denoted by (𝑀𝑜𝑑𝑒𝑙 1).  

 

In the following expositions of estimation approaches, linear predictors are 

accompanied by graphical representations of the model for clarity. The most common 

type of such graphical representation is a Directed Acyclic Graph (DAG).  
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3.3 Directed Acyclic Graphs (DAG) 

Figure 2-1 and Figure 2-2 while representing the important features of intervention 

effects and placebo effects, are cumbersome ways to represent a study. In general, 

causal relationships in statistics are mostly represented by denoting variables as letters 

and relations as arrows. Using this representation, the simple model that Z affects Y is 

shown in Figure 3-1.  
 
Figure 3-1: Z affects Y 

  
As we are using the generalised linear model this DAG can be written as  

where Y~(Some distribution) and g(E[Y])= 𝜂𝑌, for some link function g(ּ): 

 

𝜂𝑌 = 𝜇𝑌 + 𝛽𝑌𝑌 

 

We can also use DAGs  such as Figure 3-2 to show more complex representations, 

like those in Figure 2-2, where both Z and X affect Y. 

  

Z 

Y 
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Figure 3-2: A DAG of a simple conceptualisation with two causes of Y. 
 

 
The model for this representation is: 

 

𝜂𝑌 = 𝜇𝑌 + 𝛼𝑌𝑋 +  𝛽𝑌𝑍 + 𝛾𝑌𝑋:𝑍 

 

Figure 3-2 also has the advantage that it makes it much clearer that we have assumed 

that Z and X are independent. In the literature, where such diagrams contain no 

double-headed arrows ( where for example A influences B and B influences A) and 

no circular causation (A influences B, B influences C and C influences A) they are 

called Directed Acyclic Graphs (DAG).47 In RCTs, the intervention Z is never 

affected by any underlying variable and hence our graphs of the interrelationships of 

different variables are DAGs.  DAGs are used extensively in modern epidemiology as 

they have a “broad intuitive appeal” and contain “useful principles for identification 

and control of confounders”.47 For more reading on the use of DAGs in 

epidemiological causation, we recommend the seminal papers by Greenland and 

Pearl.43 47 

 

Figure 3-2 is also the simplest representation for what we seek to model, where X is 

assignment susceptibility and Z is the intervention. The problem with this model is 

that X is an idealised and unmeasured variable. Hence, we cannot fit this model, 

which is discussed in more detail later in the chapter. Next we look how RCTs are 

currently modelled. 

X Z 

Y 
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3.4 The ITT analysis 

In a double-blinded RCT, the intervention effect is defined as the difference in the 

outcomes between the treatment and control groups. In the clinical setting, as 

compliance is likely to be incomplete, the standard practice is to report the results 

using an ITT analysis.48 In this analysis, the reported effect is the difference in the 

outcome between those randomised to the treatment group and those randomised to 

the control group, regardless of whether or not they complied with or received the 

treatment regime determined by the randomisation. In our Heating Study we had 

complete compliance and therefore an ITT analysis was no different from a simple 

comparison of the treatment and control groups. To avoid confusion in this project we 

refer to the most basic approach as the ITT approach.  

 
The ITT model is represented by  
Figure 3-1, its linear predictor is; 

 

𝜂𝑌 = 𝜇𝑌 + 𝛽𝑌𝑍  

 

and the estimator for the intervention effect from the ITT model is; 

 

�̂�(𝐼𝑇𝑇) = ∆�̂�𝑌 = �̂�𝑌 

 

�̂�(𝐼𝑇𝑇)is an unbiased estimator for β when 𝜂𝑌 = 𝜇𝑌 + 𝛽𝑌, 

This model implicitly assumes the assignment effect is zero and hence has no term for 

the assignment effects. Therefore, if assignment effects are present �̂�(𝐼𝑇𝑇) is a biased 

estimator of the intervention effect β. 

 

3.5 Adjustment for Baseline Values  

Rubin in his paper on causal effects notes that there can be extra information available 

for modelling which, while not affecting the bias of the estimators due to the 

randomness assumption, still contains information on the outcome Y.49 Adjusting for 

such extra information will improve our prediction of Y and hence improve our 
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confidence in the model by reducing the error in the model. The most common 

example of such extra information is the pre-test or baseline value for Y.49 We denote 

such a baseline value as Y-1. A DAG for this adjustment is shown in Figure 3-3 Y-1. 

 

 

Figure 3-3 DAG including adjustment for baseline health outcome 

 
This changes our general equation to: 

 

𝜂𝑌 = 𝜇𝑌 + 𝛼𝑌𝑋 +  𝛽𝑌𝑍 + 𝛾𝑌𝑋:𝑍 + 𝜏𝑌𝑌−1 

 

The current chapter focuses on outlining the approaches to be used in this project. In 

particular, in this chapter we explain the logic behind these approaches and what the 

estimators are from these approaches. The addition of Y-1 does not change either the 

logic of these approaches, or the estimators of these approaches, because we know 

that Y-1 is unaffected by Z. This is because Y-1 precedes Z and Z is randomised and 

hence unaffected by Y-1. However, because this extra information improves our 

prediction for Y we have included Y-1 in the later chapters.  

 

3.6 Our Complete Representation for the Pathways of 
Causation as used in this Project 

Causality, in a participant-unblinded RCT, is clearly more complex than in the simple 
ITT model shown by Figure 3-1. Using the ideas described in this project, we 
construct a model that accounts for the key features with respect to causation in a 
participant-unblinded RCT (Figure 3-4).  
  

Z 

Y 

Y-1 

X 
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Figure 3-4: Our theoretical representation for causation in a participant-unblinded RCT. 
 

 
 

This representation allows us to describe all the important causal relationships we 

envisage in a participant-unblinded RCT. While this representation cannot be fully 

modelled, it shows the basis of our thinking and later we use a reduced version to 

form our final model.  

 
In Figure 3-4, our representation has many different elements: R represents 

recruitment, which should constitute a random selection from the population of 

interest. In the Heating Study, the population is seven- to 12-year old children with 

asthma living in households, without modern heating, in New Zealand. Once the 

participants are recruited, they are affected by the Hawthorne Effect. 
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Only after recruitment does randomisation (Z) occur. The randomisation ensures that 

all participants are allocated with fixed probabilities to either the treatment or control 

groups. In the logic of counterfactual causality fundamental to RCTs each group 

represents the same population under the different scenarios of treatment and control.  

 

As we have discussed earlier, if the trial is blinded the intervention effect can be 

calculated as the difference in the health outcomes, after the intervention between the 

treatment and control arms. However, in participant-unblinded trials the difference 

between the health outcomes is a combination of both the intervention and assignment 

effects. The degree of individual susceptibility to the assignment effect varies and 

therefore the susceptibility to assignment effects can be defined as a random variable 

X. Because X is a concept, and may well be unmeasured, we also include a measured 

random variable S, where S is a measured proxy for X. 

 

In thinking about causes of an observed health effect, it now helps if we think of three 

causes: Z, the randomisation; X, the underlying susceptibility to assignment effects; 

and the interaction of X and Z (denoted X:Z).  

 

Typically, neither Z, X nor X:Z affects the health outcomes directly, but does so by 

means of other intermediate variables, on which they have a direct effect. We have 

broken these intermediate variables down into the same two categories as before: 

• The main known and measured mechanisms by which the intervention affects the 

health outcomes of interest – MY. In the Heating Study these are exposure to NO2 

and temperature. 

• Other unmeasured and measured variables U, including the non-specific effects.  

 

In a double-blinded RCT, the difference in these intermediate variables between the 

treatment and controls would only be affected by Z. We can assume that because of 

the randomisation, that X, the assignment susceptibility has the same distribution in 

both the intervention and control groups. Similarly, in a double blinded RCT the 

assignment effect A(X) is zero, because participants would not know whether they 

were in the intervention or control group. In an unblinded RCT, whilst Z remains the 
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same, the assignment effect A(X) is no longer zero, as participants know to which 

group they have been assigned.  

 
In Figure 3-4 we have introduced two types of outcomes: (i) health outcomes (Y), that 

we hypothesise should be affected by the intervention, (through changes in the 

measured intermediate variables MY) and; (ii) dummy outcomes (D), which are 

carefully chosen, so that to the participants they seem similar to Y and may be 

believed to be similarly affected by the assignment effect, but are known not to be 

affected by the measured intermediate variables MY. Hence there is no intervention 

effect on the dummy outcomes.  

 

We have also included the baseline outcomes Y-1 or D-1 in the representation shown 

above, because adjusting for such extra information for each individual will improve 

our prediction of Y and hence improve our confidence in the model.   
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As discussed in the introduction, the Hawthorne Effect, is the effect of measuring a 

population, which is conscious of the measurement. This is difficult to quantify, as it 

describes a phenomenon where that the size of the measurement is changed by the act 

of measurement itself. Estimates of the size of the Hawthorne Effect have been made 

in some contexts.37 In fact, we speculate that an estimate of the susceptibility of 

individuals to the Hawthorne Effect could possibly give an insight into individual 

susceptibility to the assignment effect. We have shown where the Hawthorne Effect 

would occur in Figure 3-4. However, for the rest of this project we have chosen to 

ignore the Hawthorne Effect. Since we are using data only from an RCT, the 

Hawthorne Effect does not cause bias in the contrasts between the outcomes measured 

in the treatment and control groups, because by definition it affects both the treatment 

and control arms equally.  

 

In the representation Figure 3-4 we assumed U and M have no interaction effect on Y.   

The linear predictors of this representation are:  

 

𝜂𝑀𝑌 = 𝜇𝑀𝑌 + 𝛼𝑀𝑌𝑋 + 𝛿𝑀𝑌  𝑍 + 𝛾𝑀𝑌𝑋:𝑍 

𝜂𝑈 = 𝜇𝑈 + 𝛼𝑈𝑋 + 𝛿𝑈 𝑍 + 𝛾𝑈𝑋:𝑍 

𝜂𝐷 = 𝜇𝐷 + 𝜆𝐷𝑈 + 𝜏𝐷𝐷−1 

𝜂𝑌 = 𝜇𝑌 + 𝜆𝑌𝑈 + 𝜅𝑌𝑀𝑌 + 𝜏𝑌𝑌−1 

 

An interesting effect to highlight here is that, the effect of the interaction between X 

and Z on MY, this highlights the difference between our two definitions of the 

assignment effect. This is because X is a non-specific element and so, by the first 

definition of the assignment effect, the pathway 𝑋:𝑍 → M𝑌 → 𝑌 is part of the 

assignment effect. However, this same pathway 𝑋:𝑍 → M𝑌 → 𝑌 works through a 

specific element (MY) and so has no remaining effect on Y, after adjustment for the 

specific effects. This means from the second definition of the assignment effect, it is 

not an assignment effect and hence it is part of the intervention effect. Whether this 

pathway represents an assignment or treatment effect, depends on the study context 
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and in particular the choice of proxy S used to replace X. In general, if 𝑋:𝑍 → M𝑌 →

𝑌  is caused by things that happen only because this is a trial then this is an 

assignment effect. If 𝑋:𝑍 → M𝑌 → 𝑌 is caused by things that happen anyway outside 

a trial this is an intervention effect. This is discussed further in Section 3.12 and 

Section 9.8. 

  

The representation in Figure 3-4 is very complex and the goal of this project is to 

build a model that corresponds as closely as possible to this. But, for clarity, we firstly 

explain each of the key concepts separately. 

3.7 Introducing the Concept for the Susceptibility Approach 
(Measured X)   

As mentioned in the introduction, the concept of causality has a long history and is 

fundamental to an understanding of modern epidemiology.50 Here, we highlight some 

ideas that we use in modelling causation, in the context of participant-unblinded 

RCTs. In particular, rather than modelling the effect of one variable (the intervention) 

on ΔηY, as is done in the ITT model (Figure 3-1), we wish to model the effect of two 

variables (the intervention and the assignment susceptibility) on ΔηY as in Figure 3-2. 

 
In this case the linear predictor is 

 

𝜂𝑌 = 𝜇𝑌 + 𝛼𝑌𝑋 +  𝛽𝑌𝑍 + 𝛾𝑌𝑋:𝑍 

and  

∆𝜂𝑌(𝑋) = 𝛽𝑌 + 𝛾𝑌𝑋 

 

X Z 

Y 
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It makes sense to identify a level X=X0 of X, that codes a lack of any assignment 

effects. This means individuals at 𝑋0 are indifferent to the treatment given, in the 

sense that they take no additional positive, or negative, health-related actions as a 

result of their assignment to treatment or control group A(X0) =0. It is important to 

note, that in any measurement of X, this neutral level X0 is not necessarily zero. 

 

The true treatment effect of interest is the effect of the intervention β, that occurs if 

the intervention were not part of an experimental trial.  It is therefore of interest to 

estimate the treatment effect at this neutral level X=X0 where there are no assignment 

effects. 

 

We therefore partition ∆𝜂𝑌 (𝑋) into Treatment β and Assignment A(X) effects as 

follows: 

 

∆𝜂𝑌(𝑋) = 𝛽 + 𝐴(𝑋) 

= ∆𝜂𝑌(𝑋0) + [∆𝜂𝑌(𝑋) − ∆𝜂𝑌(𝑋0)] 

= [𝛽𝑌 + 𝛾𝑌𝑋0] + [𝛾𝑌𝑋 − 𝛾𝑌𝑋0] 

 

Therefore, if we had a measured X, and knew the neutral level X0, we could calculate 

 

�̂� (𝑀𝑒𝑎𝑠𝑢𝑟𝑒𝑑 𝑋) = ∆�̂�𝑌(𝑋0) = �̂�𝑌 + 𝛾�𝑌𝑋0 

and 

�̂�(𝑋)(𝑀𝑒𝑎𝑠𝑢𝑟𝑒𝑑 𝑋) = ∆�̂�𝑌(𝑋) − ∆�̂�𝑌(𝑋0) =  𝛾�𝑌𝑋 − 𝛾�𝑌𝑋0 

 

This means �̂� (𝑀𝑒𝑎𝑠𝑢𝑟𝑒𝑑 𝑋) and �̂�(𝑋)(𝑀𝑒𝑎𝑠𝑢𝑟𝑒𝑑 𝑋) are unbiased estimators for β 

and A(X) respectively when X and X0 are known and �̂�(𝑋0) = 0. 

 

In the above equations, X is treated as a continuous variable.  If it is categorical, with 

m levels, then instead of the two scalar coefficients αY and γY , we have two m vectors 

of coefficients αY(X) and γY(X) with one identifiability constraint 𝛾𝑌(𝑋0)) =0. 

Then the treatment effect would be: 

 

�̂� (𝑀𝑒𝑎𝑠𝑢𝑟𝑒𝑑 𝑋) = ∆�̂�𝑌(𝑋0) = �̂�𝑌 + 𝛾�𝑌(𝑋0) 
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and the assignment effect is: 

 

�̂�(𝑋)(𝑀𝑒𝑎𝑠𝑢𝑟𝑒𝑑 𝑋) = ∆�̂�𝑌 − ∆�̂�𝑌(𝑋0) = 𝛾�𝑌(𝑋) − 𝛾�𝑌(𝑋0) 

 

In what follows, we continue to assume that X is continuous, however the conversion 

to a categorical X can be achieved easily in all expressions, by replacing any 

occurrences of αYX with αY(X) and γYX with γY(X). 

 

The approach described in this section is a reflection of our first definition of the 

assignment effect, as the assignment effect is the difference between the treatment and 

control groups, caused by non-specific elements of the treatment, with X representing 

the non-specific elements. Unfortunately, the assignment susceptibility X is a 

characteristic that is very difficult to measure. 

3.8 The Susceptibility Approach with S as a Proxy for X 

One modelling approach applicable in these circumstances is proposed by Rubin, who 

recommends that where one has an important unmeasured variable, one may instead 

use a surrogate or proxy for the unmeasured variable.49 So in our case, where we have 

unmeasured assignment susceptibility, it makes sense to find a surrogate or proxy 

measure of assignment susceptibility, that we can use instead of the unmeasured 

variable. We denote such a proxy by S in Figure 3-5, we illustrate this approach in a 

DAG.  

 
Figure 3-5 DAGs for the theory and model using a proxy variable* 
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*In Figure 3-5 the link X->S is assumed and not modelled. 

 

Under the assumption that S is a proxy for X, our linear predictor can be written as: 

𝜂𝑌 = 𝜇𝑌 + 𝛼𝑌𝑆 +  𝛽𝑌𝑍 + 𝛾𝑌𝑆:𝑍 

 

Before, we assumed X had a neutral level X0. Here, we assume that S has a neutral 

level S0. At this neutral level of S, individuals are indifferent to the intervention and 

take no additional positive or negative health-related actions, as a result of their 

assignment to treatment or control group, A(S0)=0. 

 

Now we partition ∆𝜂𝑦 into the intervention effect β and the assignment effect A(S) , 

that depends on S, and as before the intervention effect is the contrast ∆𝜂𝑦(𝑆) at S=S0. 

∆𝜂𝑌(𝑆) = 𝛽 + 𝐴(𝑆) 

= ∆𝜂𝑌(𝑆0) + [∆𝜂𝑌(𝑆) − ∆𝜂𝑌(𝑆0)] 

= [𝛽𝑌 + 𝛾𝑌𝑆0] + [𝛾𝑌𝑆 − 𝛾𝑌𝑆0] 

 

So 

    �̂� (Susceptibility) = ∆�̂�𝑌(𝑆0) = �̂�𝑌 + 𝛾�𝑌𝑆0 

and 

�̂�(𝑆)(Susceptibility) = ∆�̂�𝑌(𝑆) − ∆�̂�𝑌(𝑆0) =  𝛾�𝑌𝑆 − 𝛾�𝑌𝑆0 

 

X Z 

Theory 

Y 

Model 

S Z 

Y 

X 
S 
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So, our estimator �̂� (Susceptibility) is an unbiased estimate of β and 

�̂�(𝑆)(Susceptibility) is an unbiased estimator for A(X), when S is a perfect 

representation of X and S0 is known. 

 

The key assumptions in this approach are that we have a suitable measured variable S 

and its level corresponding to lack of assignment effects, S0. The assumptions of this 

method are covered in more detail in Chapter Eight. 

3.9 The Dummy Approach 

Another approach, that has been used to estimate the assignment effect, is to have “a 

randomised trial, in which patients are allocated either a placebo intervention, or no 

placebo intervention.”5 Such trials are called ‘placebo intervention trials’. Although it 

may appear that an entirely new trial is needed to do this, it is possible to measure 

extra information on outcomes, for which we can see no reason that  the mechanisms 

(or specific effects from Chapter One) should be altered by the intervention. The 

randomised trial can be considered a ‘placebo intervention trial’ on these outcomes. 

We will call such outcomes ‘dummy variables’ and denote them by (D), to 

differentiate them from the outcomes (Y), for which the mechanisms of the 

intervention are hypothesised to be effective. We later assume that the assignment 

effect is the same in both Y and D. A DAG for this model is shown in Figure 3-6. 
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Figure 3-6: DAG for the dummy outcome 

 
 

We have two outcomes and hence two linear predictors: 

𝜂𝑌 = 𝜇𝑌 + 𝛽𝑌 𝑍 

for the health outcome Y and 

𝜂𝐷 = 𝜇𝐷 + 𝛽𝐷 𝑍 

for the dummy variables D. 

 

The contrasts in the linear predictors are: 

∆𝜂𝑦 = 𝛽𝑌 

∆𝜂𝐷 = 𝛽𝐷 

 

We choose D so that the specific mechanisms of the intervention have no effect on D. 

Therefore the contrast in the linear predictor between the treatment and control groups 

is a measure that is exclusively due to the assignment effect on D. We can therefore 

estimate the assignment effect from ∆𝜂𝐷 . If we can assume that this is the same 

assignment effect A on Y, then the dummy variable approach enables us to estimate 

the specific effects by ∆𝜂𝑦 − ∆𝜂𝐷 . 

With binary Y and D we partition ∆𝜂𝑦 into Intervention β and Assignment A: 

 

Z 
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∆𝜂𝑌 = 𝛽 + 𝐴 

= [∆𝜂𝑌 − ∆𝜂𝐷] + ∆𝜂𝐷 

= [𝛽𝑌 − 𝛽𝐷]− [𝛽𝐷] 

 

Therefore: 

�̂� (𝐷𝑢𝑚𝑚𝑦) = ∆�̂�𝑌 − ∆�̂�𝐷 = �̂�𝑌 − �̂�𝐷 

and 

�̂�(𝐷𝑢𝑚𝑚𝑦) = ∆�̂�𝐷 =  �̂�𝐷 

 

This is unbiased, if the effect of the assignment susceptibility is the same on D as it is 

on Y.  For the binary model this is equivalent to the assumption, the change in the log 

odds ratio between treatment and control groups for the outcome D is solely due to 

the assignment effect and the assignment effect we have the same change in the log 

odds ratio for Y.   

 

In the case of Y and D being Normal variables we divide ∆𝜂𝑦 as follows: 

 

∆𝜂𝑌 = 𝛽 + 𝐴 

= �∆𝜂𝑌 −
𝜎𝑌
𝜎𝐷

∆𝜂𝐷� +
𝜎𝑌
𝜎𝐷

∆𝜂𝐷 

= �𝛽𝑌 −
𝜎𝑌
𝜎𝐷

𝛽𝐷� − [
𝜎𝑌
𝜎𝐷
𝛽𝐷] 

 

and we assume γY =𝜎𝑌
𝜎𝐷

γD then:  

    �̂� (𝐷𝑢𝑚𝑚𝑦) = ∆�̂�𝑌 −
𝜎�𝑌
𝜎�𝐷
∆�̂�𝐷 = �̂�𝑌 and  

�̂�(𝐷𝑢𝑚𝑚𝑦) =
𝜎�𝑌
𝜎�𝐷

𝛥�̂�𝐷 =  
𝜎�𝑌
𝜎�𝐷
�̂�𝐷 

 

This is equivalent to matching the probabilities: 

  

𝑃(𝐷 > 𝜇𝐷 + 𝛽𝐷|𝑍 = 0) = 𝑃(𝑌 > 𝜇𝑌 + 𝛾𝑌𝑋|𝑍 = 0) 

 



49 
 

For other distributions the way that the assignment effect in D relates to assignment 

effect on Y depends on both these distributions. Because the variables we model are 

mostly binary, we show only the binary case for the rest of this chapter. 

 

By choosing D so that we know it is not affected by the specific mechanisms of the 

intervention, the assignment effect estimated from the dummy outcomes corresponds 

to our first definition of the assignment effect, which is the assignment effect is the 

difference between the treatment and control groups, adjusted for the specific 

elements of the treatment. The strengths, assumptions and limitations of this approach 

are explained in greater detail in Chapter Eight 

 

In the dummy approach we rely on knowing the specific mechanisms of the 

intervention. Where these are known, it makes sense to measure them directly and use 

these measurements in our estimation, as described in the next section. 

3.10  The Measured Intermediate Variables Approach  

The role of intermediate variables or moderators are important in establishing 

causality: An "intervening (or intermediate) variable," defined as synonymous to a 

"mediator variable,"50 is "a variable that occurs in a causal pathway from an 

independent to a dependent variable. It causes variation in the dependent variable 

(outcome), and itself is caused to vary by the independent variable (the 

intervention)."51  

 

As we noted in Section 3.4, most interventions can be envisaged as working through 

specific effects/mechanisms (e.g. temperature and nitrogen dioxide in the Heating 

Study) and non-specific effects (such as hope and expectation). These specific and 

non-specific effects are the intermediate variables through which the intervention acts. 

The specific effects of the intervention are generally known in advance and are often 

measured. Therefore, it makes sense to consider separately the following: 

• the main known and measured mechanisms by which the intervention affects the 

health outcomes of interest – MY ; 

• other unmeasured and measured variables U, including the non-specific effects.  
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Then provided the measured intermediated variables can be measured without error, 

we estimate the change in the measured intermediate variables caused by the 

intervention and the change in the health effects associated with this change in these 

measured intermediate variables, we can then combine these two estimates to quantify 

the effects of the intervention through the measured intermediate variable or specific 

effects.51 Randomisation does not itself cause any change in the outcome, so if we had 

a complete set of measured intermediate variables included in our model, there would 

be no direct link from Z to Y, as represented by our representation in Figure 3-4. 

As previously indicated, our second definition of the assignment effect is “the 

difference between the treatment and control groups unexplained by the specific 

effects of the intervention.” This means that, if we can adjust for or remove the 

specific effects, whatever remains is the assignment effect.  

 

Because both U and X  are unmeasured in our representation of Figure 3-4, we have 

replaced the pathways X->U->Y and Z->U->Y by Z->Y, and the pathway X->MY->Y 

is now included in MY->Y. Our assumption in Figure 3-4, that U and MY do not 

interact in their effect on Y, is now replaced by the assumption that Z and M do not 

interact on their effect on Y. It is important to remember here that MY is the set of 

measured intermediate variables for the specific effects of the intervention and any 

interaction effects of elements of MY are of course elements themselves of MY . 

Therefore, this link Z->Y, now represents the effect of the intervention, adjusted for 

the specific effects, which is the assignment effect, as represented in Figure 3-7. 
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Figure 3-7: DAG of the model using intermediate variables 

 
There are two linear predictors in this model: 

 

𝜂𝑌 = 𝜇𝑌 + 𝛽𝑌𝑍 + 𝜅𝑌𝑀𝑌 

𝜂𝑀𝑌 = 𝜇𝑀𝑌 + 𝛿𝑀𝑌𝑍 

 

In this representation we have two causal contrasts: 

 

∆𝜂𝑀𝑌 = 𝛿𝑀𝑌  

Δ𝜂𝑌 = 𝛽𝑌 + 𝜅𝑌∆𝑀�𝑌 

Where we define, 𝑛𝑧 as the number of observations where Z=z,  

𝑀�𝑌 𝑍=𝑧 =
1
𝑛𝑧

 � 𝑀𝑌𝑖
𝑖; 𝑍𝑖=𝑧,

= 𝐸(𝑀𝑌|𝑍) 

and 

∆𝑀�𝑌 = 𝑀�𝑌 𝑍=1 − 𝑀�𝑌 𝑍=0 = 𝐸(𝑀𝑌|𝑍 = 1) − 𝐸(𝑀𝑌|𝑍 = 0) 

 

In general, ∆𝑀�𝑌 depends on the distribution of MY .However in the special case where 

the link function for 𝜂𝑀𝑌  is the identity function, ∆𝑀�𝑌 = ∆𝜂𝑀𝑌 , this is because 

𝜂𝑀𝑌 = 𝐸(𝑀𝑌). 

 

Z 

Y 

MY 
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If MY is a complete set of the specific intermediate variables. The size of the effect of 

the intervention in a given participant depends on their actual change in their 

measured intermediate variables.  We therefore find the difference in the average 

change in the measured intermediate variables between the treatment and control 

groups, and let that define the intervention effect for this model. 

We therefore define:  

β = 𝜅𝑌∆𝑀�𝑌 

Then given that 

Δ𝜂𝑌 = 𝛽𝑌 + 𝜅𝑌∆𝑀�𝑌 

It follows that  

A = 𝛽𝑌 

Therefore 

�̂�(𝐼𝑛𝑡𝑒𝑟𝑚𝑒𝑑𝑖𝑎𝑡𝑒 𝑉𝑎𝑟𝑖𝑎𝑏𝑙𝑒𝑠) = �̂�𝑌∆𝑀��𝑌 

A�(𝐼𝑛𝑡𝑒𝑟𝑚𝑒𝑑𝑖𝑎𝑡𝑒 𝑉𝑎𝑟𝑖𝑎𝑏𝑙𝑒𝑠) = �̂�𝑌 

 

In the other models we are able to express the intervention effect �̂� and the 

assignment effect �̂�, in terms of contrasts of Z. Here �̂�𝑌 is not expressed by such a 

contrast. Instead, �̂�𝑌 is estimated directly in fitting a model with the linear predictor: 

  

𝜂𝑌 = 𝜇𝑌 + 𝛽𝑌𝑍 + 𝜅𝑌𝑀𝑌 

 

In this equation, we have not set the values of MY and therefore the relationships in 

this model are associative and not causal relationships. This means that the 

relationship can be confounded. In particular, if we look at Figure 3-4,  we can see 

two pathways from MY to Y, MY <-Z ->U->Y and MY <-X->U->Y. The pathway MY 

<-Z ->U->Y is blocked by the adjustment for Z in the equation for 𝜂𝑌, but the 

pathway MY <-X->U->Y is not. This means that the estimator �̂�𝑌 is confounded by X 

and U. There may also be other measured sources of confounding. In general, 

whenever we use the measured intermediate variables approach, we open up the 

possibility for further bias in our estimation due to confounding in �̂�𝑌. 

 

In the intermediate variables method we have made the effect of the intermediate 

variables 𝑀𝑌 on the linear predictor 𝜂𝑌  linear (𝜅𝑌). For most intermediate variables 



53 
 

this will not naturally be the case, however it is always possible to construct a metric 

of MY such that this is the case. For example in chapter 5, we explore the relationship 

between NO2 and respiratory health in more detail, there we note that NO2 is related 

to health and this relationship is nonlinear with measured NO2. There is however a 

linear relationship between respiratory health and logged NO2. Therefore in this 

chapter when we write about the linear between MY and 𝜂𝑌  we are assuming that MY 

is measured by such a metric as to make this relationship linear. In chapter 6 as the 

relationship between temperature and health is not as well-known we will find the 

metric of temperature that has the best linear relationship with respiratory health. 

 

The key assumptions in this method are therefore that MY is a perfectly measured 

complete set of specific variables and therefore that �̂�𝑌 is not biased. Unfortunately, 

neither of these assumptions is valid in the Heating Study. The advantages, 

assumptions and limitations of this method are discussed in more detail in Chapter 

Eight.  

 

We have now described three basic approaches, which are the susceptibly approach, 

the dummy approach and the intermediate variables approach. Later we will combine 

all three approaches. The use of the measured intermediate variables potentially 

introduces confounding, so to avoid this confounding, before presenting the full 

model we present the combined model that combines the dummy and susceptibility 

approaches. 

 

 

3.11  Combining the Dummy and Susceptibility Approaches 
(Combined Model) 

When estimating the treatment effect using the susceptibility approach, S must be 

perfectly correlated with X and the neutral value S0 must be known for this estimation 

to be unbiased. 

For dummy approach to be unbiased, the dummy variables D must not be subject to 

any intervention effect and must have the same assignment effect as the health 

outcomes Y. 
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For the measured intermediate variables approach to be unbiased the set MY must be a 

complete set of the intermediate variables that measure the specific effects of the 

treatment and there can be no confounding of the estimate for κY. 

 

In the Heating Study we cannot avoid bias due to confounding in �̂�Y and hence we 

presented the preferred method, the combined model, this does not use such an 

estimator. The combined model has the advantage that it requires only fairly realistic 

assumptions and bias due to confounding is avoided. The assumptions are that the 

dummy variables D must be subject to no intervention effect but should have the same 

assignment effect as the health outcomes Y and that S, a proxy for X, at least partially 

describes the variation in X. There are advantages in combining the susceptibility and 

dummy outcome approach because: 

 1) The estimate of the assignment effect on the dummy outcome does not have a term 

in X and S can be used as a proxy for X; and  

2) The estimates for the intervention and assignment effects in the susceptibility 

approach rely on the specification of a neutral level S0, which can be difficult to 

define accurately. This requirement of a known S0 can be avoided by the combined 

model as shown below. 
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Figure 3-8: DAG for the combined model 

 
 

In Figure 3-8 we have two outcomes and hence two linear predictors: 

𝜂𝑌 = 𝜇𝑌 + 𝛼𝑌𝑆 + 𝛽𝑌 𝑍 + 𝛾𝑌𝑆:𝑍 

𝜂𝐷 = 𝜇𝐷 + 𝛼𝐷𝑆 + 𝛽𝐷 𝑍 + 𝛾𝐷𝑆:𝑍 

 

The contrast in the linear predictors is: 

 

∆𝜂𝑌(𝑆) = 𝛽𝑌 + 𝛾𝑌𝑆 

∆𝜂𝐷(𝑆) = 𝛽𝐷 + 𝛾𝐷𝑆 

 

As we recall from the dummy approach, for binary Y and D the assignment effect is 

estimated by ∆𝜂𝐷(𝑆) and these assignment effects are the same in Y and D. In the 

susceptibility approach it was possible to estimate the intervention effect at S0. Hence, 

we partition ∆𝜂𝑌 into intervention effects β and assignment effects A(S). 

 

∆𝜂𝑌 = 𝛽 + 𝐴(𝑆) 

= [∆𝜂𝑌(𝑆0) − ∆𝜂𝐷(𝑆0)] + [∆𝜂𝑌(𝑆) − ∆𝜂𝑌(𝑆0) + ∆𝜂𝐷(𝑆0) 

= [𝛽𝑌 − 𝛽𝐷 + 𝛾𝑌𝑆0 − 𝛾𝐷𝑆0] − [𝛽𝐷 + 𝛾𝐷𝑆0 + 𝛾𝑌𝑆 − 𝛾𝑌𝑆0] 

Therefore 

So �̂� (𝐷𝑢𝑚𝑚𝑦) = ∆�̂�𝑌 − ∆�̂�𝐷 = �̂�𝑌 − �̂�𝐷 + 𝛾�𝑌𝑆0 − 𝛾�𝐷𝑆0 

 

And 

�̂�(𝑆)(𝐷𝑢𝑚𝑚𝑦) = ∆�̂�𝐷 =  �̂�𝐷 + 𝛾�𝐷𝑆 + 𝛾�𝑌𝑆 − 𝛾�𝑌𝑆0 

S Z 

Y D 
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Note that the assignment effect is not zero at S= S0 as S may not be a perfect proxy 

for X the assignment effect. Thus �̂�𝐷 + 𝛾�𝐷𝑆 is an estimate of the assignment not 

explained by S. 

As we are assuming from the dummy approach that the assignment effect is the same 

in both D and Y, in makes sense to assume further that the part of the assignment 

effect due to the measured factor S is the same in both D and Y or γY =γD=γ. 

 

Then �̂� (𝐷𝑢𝑚𝑚𝑦) = �̂�𝑌 − �̂�𝐷 and  

�̂�(𝑆)(𝐷𝑢𝑚𝑚𝑦) =  �̂�𝐷 + 𝛾�𝑆 

 

Hence, the combined model can provide unbiased estimate of β and A(S) without 

requiring a known value for S0, and avoiding the confounding from the measured 

intermediate variables. Where we wish to estimate S0 we can do so by noting that 

A(S0)=0 and therefore 𝑆0 = −𝛽𝐷
𝛾

. 

If 𝑆0 is known we can add the constraint to our model that 𝛽𝐷 = −𝛾𝑆0 

 

In the Heating Study this is our preferred model and all the assumptions in this model 

are tenable. The full model presented next assumes that κY is known or can be 

unbiasedly estimated, this is not the case in the heating study, but may be useful for 

other studies. 

3.12  The Full Model 

If κY is known or can be unbiasedly estimated, then we can represent our model using 

all three variable sets S, MY and D. 

Figure 3-9 is a reduced version of our theoretical representation (see Figure 3-4) that 

only uses measured variables and is therefore able to be modelled. This new 

representation differs from the theoretical representation (Figure 3-4) in a few 

important ways. Firstly, the Hawthorne Effect has been omitted. Secondly, X has been 

replaced by S. This is because X is unmeasureable and S is the measured proxy for 

susceptibility X. Thirdly, U has been removed, as it contains variables that are 

unmeasured. The removal of X and U changes all the pathways of which they were a 

part. In this representation,  the chains: Z -> U ->Y, Z -> D ->Y, X -> U ->Y and X -> 



57 
 

U ->D have been shortened to; Z->Y, Z->D, S->Y and S->D. This means, for 

example, that where we had the effect of Z on Y through U, this effect is now 

expressed as a direct effect of Z on Y, as U is no longer in the model. The effect of X 

on D through U has been replaced by the effect of S on D. This is because X has been 

replaced by S and U is no longer in the model. If S only partially describes X it is 

possible to induce a relation MY->D through these changes, so this is included there 

also.   
 
 
With the removal of the unmeasured variable U, there is now a potential direct 

relationship between the outcomes (Y and D) and the susceptibility variable X. As X 

has been replaced by S, this relationship is now expressed as the relationship between 

the outcomes and just S.  
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Figure 3-9 shows the representation for the variables we intend to actually model. 
 

Figure 3-9: The DAG of the full model. 

 
This model has three outcomes and hence three linear predictors: 

 

𝜂𝑀𝑌 = 𝜇𝑀𝑌 + 𝛼𝑀𝑌𝑆 + 𝛿𝑀𝑌  𝑍 + 𝛾𝑀𝑌𝑆:𝑍 

𝜂𝐷 = 𝜇𝐷 + 𝛼𝐷𝑆 + 𝛽𝐷𝑍 + 𝛾𝐷𝑆:𝑍 + 𝜅𝐷𝑀𝑌 + 𝜏𝐷𝐷−1 

𝜂𝑌 = 𝜇𝑌 + 𝛼𝑌𝑆 + 𝛽𝑌𝑍 + 𝛾𝑌𝑆:𝑍 + 𝜅𝑌𝑀𝑌 + 𝜏𝑌𝑌−1 

 

and hence three contrasts: 

𝛥𝜂𝑀𝑌(S) = 𝛿𝑀𝑌 + 𝛾𝑀𝑌𝑆 

𝛥𝜂𝐷(S) = 𝛽𝐷 + 𝛾𝐷𝑆 + 𝜅𝐷𝛥𝑀�Y(𝑆) 

𝛥𝜂𝑌(S) = 𝛽𝑌 + 𝛾𝑌𝑆 + 𝜅𝑌𝛥𝑀�Y(𝑆) 

 

Z S 

MY 

D Y 

Dummy 
outcomes 

Health 
outcomes 

D-1 Y-1
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Where 𝑛𝑧𝑠= the number of observations at Z=z and S=s 

𝑀�𝑌 𝑍=𝑧(𝑆) =
1
𝑛𝑧𝑠

 � 𝑀𝑌𝑖
𝑖; 𝑍𝑖=𝑧,

(𝑆)  

and 

∆𝑀�𝑌(𝑆) = 𝑀�𝑌 𝑍=1(𝑆) −𝑀�𝑌 𝑍=0(𝑆) 

 

As before, we can partition ∆𝜂𝑌 into intervention effect β and assignment effects A(S) 

 

∆𝜂𝑌 = 𝛽 + A(𝑆) 

= [∆𝜂𝑌(𝑆0) − ∆𝜂𝐷(𝑆0)] + [∆𝜂𝑌(𝑆) − ∆𝜂𝑌(𝑆0) + ∆𝜂𝐷(𝑆0) 

= [𝛽𝑌 − 𝛽𝐷 + 𝛾𝑌𝑆0 − 𝛾𝐷𝑆0 + 𝜅𝑌𝛥𝑀�Y(𝑆0) − 𝜅𝐷𝛥𝑀�Y(𝑆0)] 

+[𝛽𝐷 + 𝛾𝑌𝑆 − 𝛾𝑌𝑆0 + 𝛾𝐷𝑆0 + 𝜅𝑌𝛥𝑀�Y(𝑆) − 𝜅𝑌𝛥𝑀�Y(𝑆0) + 𝜅𝐷𝛥𝑀�Y(𝑆0)] 

 

Therefore;  

 

𝛽(𝐹𝑢𝑙𝑙) = 𝛽𝑌 − 𝛽𝐷 + 𝛾𝑌𝑆0 − 𝛾𝐷𝑆0 + 𝜅𝑌𝛥𝑀�Y(𝑆0) − 𝜅𝐷𝛥𝑀�Y(𝑆0) 

𝐴(𝑆)(𝐹𝑢𝑙𝑙) = 𝛽𝐷 + 𝛾𝑌𝑆 − 𝛾𝑌𝑆0 + 𝛾𝐷𝑆0 + 𝜅𝑌𝛥𝑀�Y(𝑆) − 𝜅𝑌𝛥𝑀�Y(𝑆0) + 𝜅𝐷𝛥𝑀�Y(𝑆0) 

 

Because D is chosen to be unaffected by the specific effects of the intervention and 

the elements of MY are chosen to measure the specific effects of the intervention. It is 

logical to assume that D is not affected by MY and hence add the constraint 𝜅𝐷 = 0. 

This implies: 

 

𝛽(𝐹𝑢𝑙𝑙) = 𝛽𝑌 − 𝛽𝐷 + 𝛾𝑌𝑆0 − 𝛾𝐷𝑆0 + 𝜅𝑌𝛥𝑀�Y(𝑆0) 

𝐴(𝑆)(𝐹𝑢𝑙𝑙) = 𝛽𝐷 + 𝛾𝑌𝑆 − 𝛾𝑌𝑆0 + 𝛾𝐷𝑆0 + 𝜅𝑌𝛥𝑀�Y(𝑆) − 𝜅𝑌𝛥𝑀�Y(𝑆0) 

 

As we are assuming from the dummy approach that the assignment effect is the same 

in both D and Y, it makes sense to assume further that the part of the assignment 

effect due to the measured factor S is the same in both D and Y. This is done by 

adding the constraint γY =γD=γ. 

 
𝛽(𝐹𝑢𝑙𝑙) = 𝛽𝑌 − 𝛽𝐷 + 𝜅𝑌𝛥𝑀�Y(𝑆0) 

𝐴(𝑆)(𝐹𝑢𝑙𝑙) = 𝛽𝐷 + γ𝑆 + 𝜅𝑌𝛥𝑀�Y(𝑆) − 𝜅𝑌𝛥𝑀�Y(𝑆0) 
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Now from the definition of S0 we know A(S0)=0, and therefore 𝑆0 = −𝛽𝐷
𝛾

. 

Substituting this into the equations gives; 

 

𝛽(𝐹𝑢𝑙𝑙) = 𝛽𝑌 − 𝛽𝐷 + 𝜅𝑌𝛥𝑀�Y(−
𝛽𝐷
𝛾

) 

𝐴(𝑆)(𝐹𝑢𝑙𝑙) = 𝛽𝐷 + γ𝑆 + 𝜅𝑌𝛥𝑀�Y(𝑆) − 𝜅𝑌𝛥𝑀�Y(−
𝛽𝐷
𝛾

) 

In the Heating Study we can make no further tenable assumptions. However, in other 

studies it is possible that there could be a complete set of measured intermediate 

variables and the implications of this are described below.  

3.13  Possible Variations of the Full Model 

 

If the set of measured variables is complete, then 𝜅𝑌𝛥𝑀�Y(𝑆0) is the intervention 

effect, so 𝛽 = 𝜅𝑌𝛥𝑀�Y(𝑆0) which forces the constraint 𝛽𝑌 = 𝛽𝐷 = 𝛽𝐴 (βA used here to 

avoid confusion). 

 

𝛽(𝐹𝑢𝑙𝑙) = 𝜅𝑌𝛥𝑀�Y(−
𝛽𝐷
𝛾

) 

𝐴(𝑆)(𝐹𝑢𝑙𝑙) = 𝛽𝐴 + 𝛾𝑆 + 𝜅𝑌𝛥𝑀�Y(𝑆) − 𝜅𝑌𝛥𝑀�Y(−
𝛽𝐷
𝛾

) 

 

In the full model above we have assumed that the interaction of effect 𝛾𝑀𝑌𝑆:𝑍  is part 

of the assignment effect. If we wish to classify this effect as part of the intervention 

then the estimators are (working not shown); 

  
𝛽(𝑆)(𝐹𝑢𝑙𝑙) = 𝛽𝑌 − 𝛽𝐷 + 𝜅𝑌𝛥𝑀�Y(𝑆) 

𝐴(𝑆)(𝐹𝑢𝑙𝑙) = 𝛽𝐷 + γ𝑆 

 

3.14 Summary 

In this chapter, we have laid out a framework for the modelling of participant-

unblinded RCTs, that will inform the rest of this project. We have specified three 
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approaches for disentangling placebo effects from causal effects. These are: the use of 

a proxy measure for underlying assignment susceptibility, the use of dummy 

outcomes, and finally, the use of measured intermediate variables.  

 

The Susceptibility approach incorporates variables that measure the susceptibility of 

individuals to assignment effects.  

The Dummy variables approach models outcome variables that are unaffected by the 

specific (health related) effects of the intervention, but which are subject to 

assignment effects.  

The measured intermediate variables approach, incorporates the intermediate 

variables that are modified by the intervention and which mediate the health effects of 

the intervention. The inclusion of a complete set of these variables in the model 

should account for all of the specific health-related effects of the intervention, leaving 

the assignment effects accounting for any residual effects.  

 

The choice of variables that act as a proxy for susceptibility to the assignment effect, 

dummy outcome variables and measured intermediate variables should be made on 

the basis of expert opinion and practicality. Different choices of these variables, and 

the various modelling assumptions that accompany them, will lead to different 

estimates of the treatment and assignment effects in a given study.  Thus, the results 

from these models really have the status of sensitivity analyses in which the 

magnitude of possible assignment effects can be estimated under different scenarios.  
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Part 2: The Heating Study and its mechanisms 

The first part of the project is Chapters One, Two and Three, where we introduced the 

concepts, representation and models we are using. 

 

In the second part, which is comprised of Chapters Four Five and Six, we introduce 

the worked example of the Heating Study and the two key mechanisms (NO2 and 

temperature) by which the heaters are thought to affect health.  

Chapter Four describes our worked example, the Heating Study, and illustrates the 

standard (published) analysis of the data, which does not take into account the placebo 

effect. To build upon this published analysis, we need to explore the mechanisms by 

which the intervention affects the health outcome. In the Heating Study there are two 

such mechanisms. These are nitrogen dioxide and temperature.  

In Chapters Five and Six, we exploit the richness of the Heating Study to examine the 

two key mechanisms in detail. These chapters show how we ‘best’ measure nitrogen 

dioxide and temperature in terms of their health effects. These two chapters each 

answer a discrete and interesting sub-question and are therefore presented as papers. 

The results from these chapters are then used in later chapters. 
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4 The Housing, Heating and Health Study  

4.1 Chapter Goals 

The goal of this chapter is to introduce in detail our worked example of the Heating 

Study. This chapter is an abridged version of the Heating Study main results paper 

published in the British Medical Journal,1 The full paper is in appendix A and more 

study details can be found on our website at 

(http://www.healthyhousing.org.nz/research/past-research/housing-heating-and-

health-study/)  The Heating Study represents an excellent study it is own right and 

was one of one of six RCTs in housing to be give an A grade in a recent review.40 The 

Heating Study is designed to answer the question of “what are the effects of improved 

home heating on asthma in community dwelling children.” In this project we use the 

data from the Heating Study to address the “major limitation in randomised trials of 

this sort, the impossibility of implementing blinding of the participants.”39    

 

In this chapter, we have italicised the problematic aspects of our initial analysis, 

which we are addressing later in the project. We have limited the results to those 

which we build upon in this thesis. Many results have been excluded, the main 

published results are appendix A and subsequent papers are available on the effect on 

the intervention on school absences52 the cost-benefit of the intervention53 and the 

sources of nitrogen dioxide in the home.54 The health effects of temperature and 

nitrogen dioxide are explored in more detail in the following chapters. This analysis 

of the heating study is an example of the standard ITT analysis of a participant-

unblinded randomised community trial. 

4.2 Why use the Heating Study as a worked example? 

The Heating Study is a very rich data source and as it  follows on from a randomised 

community study by the same research group (He Kainge Oranga) called the Housing, 

Insulation and Health Study.38 This earlier study made the research group aware that 

the assignment effect could be major limitation in participant-unblinded randomised 
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community trials. To minimise the potential for an assignment effect in the Heating 

Study, a number of steps were taken: 

 1) A stepped design was used; in this both the intervention and control groups 

eventually receive the intervention. It is hoped that this reduces the disappointment 

for member of the control group and therefore reduces the size of any negative 

placebo reaction in the control group.  

2) The outcomes are measured in both the baseline and the intervention year; this 

enables us to define the outcome as the change in the health status of the participants 

from the baseline to intervention year and hence should remove the need to adjust for 

potential confounders that will not have changed in a year.  

3) There were detailed independent measurements of both temperature and nitrogen 

dioxide, which are the main pathways through which the intervention (installation of a 

heater) is thought to act. 

4) Three ‘dummy’ outcomes were introduced, diarrhoea, vomiting and ear infections. 

These were chosen to look plausible as health outcomes of interest, but were selected 

because we did not expect they would be affected by the intervention, other than 

through assignment effects. 

5) Both subjective and objective measures were used. The subjective included self-

reported questionnaire data and the objective data was the more detailed daily 

measured FEV1. It is thought the subjective measures are more prone to assignment 

effects.14 

 

4.3 Introduction 

Asthma is one of the most prevalent chronic diseases in childhood. In New Zealand 

about 25% of children report symptoms of asthma and asthma is the second most 

common reason for children being admitted to hospital.55 As well as the stress 

associated with having a chronic disease, asthma can lead to higher utilisation of 

health services and drug costs. 56 Children with asthma are likely to have more days 

off school, with adverse effects on academic performance57 and their caregivers may 

lose significant time from work.58 

Evidence is growing that symptoms of asthma can be aggravated or triggered by 

adverse aspects of the indoor environment.59 60 Evidence from studies of excess 



65 
 

morbidity and mortality during winter in temperate climates show that temperatures in 

many homes are below the levels recommended by the World Health Organization for 

maintaining health in vulnerable populations.61 This is the case in New Zealand, 

where home heating seems not to be treated as a necessity like it is in the cooler parts 

of continental Europe.61-63 

As well as cold temperatures, factors such as damp, mould, and pollutants (for 

example, volatile organic compounds and combustion by-products from heating and 

second-hand smoke) have been implicated in aggravating the symptoms of asthma.64 

The relative importance of these factors, as well as house dust mites, in causing 

asthma and aggravating symptoms, such as cough and wheeze, is difficult to establish 

and the pathophysiology remains unclear.65 66 

 

Infants and elderly people spend proportionally more time indoors.67 Children may be 

especially vulnerable to indoor air pollutants, that affect development and lung 

function, because of their immature immune systems and rapid growth and 

development.68 Children also inhale a larger dose of air per unit of body mass at a 

given level of activity and therefore more pollutants than do adults in the same 

environment.69 

 

Nitrogen dioxide has been widely used as a marker for outdoor air quality in studies 

of pollution related to vehicle emissions, but the most important source of personal 

exposure to nitrogen dioxide is unflued gas appliances.70-72 Pollutants emitted indoors 

have about a thousand-fold greater chance of being inhaled than those emitted from 

proximate outdoor sources.73-75 In New Zealand, a third of households have unflued 

gas heaters76 and previous studies have found that rooms with such heaters have 

higher concentrations of nitrogen dioxide than rooms with electric or flued gas 

heaters.77  

 

Nitrogen dioxide is a proinflammatory gas and can exacerbate respiratory symptoms 

such as wheeze or cough. It can reduce immunity to lung infections and increase the 

severity and duration of an episode of flu.78 Several cross-sectional studies have 

investigated the impact of home heating on morbidity, mostly respiratory symptoms 

in children.79 80Reports on the impact of cooking by gas on asthma are conflicted; 

some studies have shown a twofold increase in prevalence of asthma among 
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households that cook by gas, 81 82 whereas others have found no difference. 83 84 Some 

studies have also established a link between type of heating and respiratory symptoms 

in children. Unflued gas heaters and cookers release water vapour during the 

combustion process and may partly explain the link between dampness and symptoms 

of asthma.85 86 

 

Relatively few intervention studies have examined the effects of housing 

improvements on health and fewer still have shown an impact on symptoms of 

asthma. 87 88 One study highlighted the difficulty of implementing community-based 

intervention trials for controlling asthma.88 An intervention study that involved 

removing unflued gas heaters from school classrooms found a significant reduction in 

children’s self-reported asthma symptoms.89 A before- and after-study of an 

intervention to reduce damp in the homes of children with asthma found a significant 

and cost-effective reduction in respiratory symptoms, particularly cough at night and 

the number of days off school. 

 

We have previously carried out a randomised controlled trial of the effects on 

respiratory health of insulating homes.90 Although we did not look exclusively at 

people with asthma, the results indicated that even basic housing interventions, such 

as retrofitting insulation, can raise indoor temperatures and improve respiratory 

symptoms.91 During the analysis of this study we became concerned about the number 

of children with asthma living in homes with ineffective heating. The use of 

ineffective and polluting heating systems in many New Zealand houses suggested that 

improved heating might provide further health gains over and above that of insulation. 

We investigated the impact of a heating intervention on symptoms of asthma in 

children in homes that had been insulated before this trial. 

 

4.4 Methods 

We carried out a randomised controlled trial in which baseline measures were 

collected in winter (June to September) 2005. Households in the intervention group 

were allocated a non-polluting, more effective replacement heater (heat pump, wood 
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pellet burner, flued gas) before the follow-up winter of 2006. The control group 

received a similar heater in 2007, after the final data collection in 2006. 

The study was carried out in five areas in New Zealand—Porirua and the Hutt Valley 

in the North Island and Christchurch, Dunedin, and Bluff in the South Island. 

Households were recruited from December 2004 to May 2005. We identified 

community coordinators in nine local asthma societies and primary health 

organisations (five with close ties to Maori, indigenous New Zealanders who have a 

greater burden of respiratory illness). The community coordinators invited families 

who had a child with asthma to participate in the study. The study was also publicised 

in radio interviews. Overall, 899 applications were received of which 422 (47%) met 

the inclusion criteria: the family lived in a study area and had a child aged between 6 

and 12 years with doctor diagnosed asthma and symptoms in the past 12 months; the 

child slept at least four nights a week in the house; the house contained a less effective 

form of heating (unflued gas or plug-in electric heaters); the family intended to live in 

the house over the two winter periods; and the homeowner agreed that the household 

could take part in the study. If more than one child in a household met the study 

criteria then the child whose birthday occurred first after 1 June became the index 

child. 

 

After enrolment, and before winter 2005, participating houses were insulated to the 

current New Zealand building code standard, as our previous study had shown 

positive effects from insulation alone.38 This insulation was considered necessary to 

achieve consistency of the thermal envelope between the participating houses. 

4.5 Baseline outcome measures 

The research team trained the community coordinators in the informed consent 

procedures, completion of questionnaires and symptom diaries, use of Piko meters 

(nSpire Health, Inc. Co, USA) for measuring peak expiratory flow rate and forced 

expiratory volume in one second (FEV1), and correct placement of temperature 

loggers and nitrogen dioxide diffusion tubes. At the end of winter 2005, the 

community coordinators assisted households in completing the questionnaires. To 

check for the assignment effect we included three outcomes for which we hypothesised 

no association with the intervention: diarrhoea, vomiting, and ear infections. The 
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questionnaires are available at www.healthyhousing.org.nz/research/past-

research/housing-heating-and-health-study. The community coordinators downloaded 

data from the Piko meters onto laptops at each of four monthly visits. The diffusion 

tubes for recording nitrogen dioxide levels were placed in a safe, standard location in 

the living room and child’s bedroom (1.8 m from the ground and 5 cm from the wall). 

Temperature loggers, positioned on the diffusion tube holders, recorded the 

temperature every 20 minutes. The diffusion tubes and temperature loggers were 

changed at each visit. More details of the methods used for measuring both Nitrogen 

Dioxide and Temperature are given in Chapters Five and Six respectively.   

4.6 Intervention 

The advantages and disadvantages of the three heater types (heat pump, wood pellet 

burner, or flued gas) were explained at community meetings and described on the 

research group’s website. The homeowners chose a replacement for their existing 

heaters. Landlords were encouraged to consider their tenants’ preferences. An 

independent statistician then randomised the households to intervention or control 

groups, stratified by area and heater choice. The heaters were installed in the 

intervention houses before winter 2006. The control group were told that they would 

receive a replacement heater at the end of the study. 

4.7 Outcome measurements 

Baseline measures were repeated after the intervention at follow-up in winter 2006. In 

2006, we changed the format of the questionnaire, eliminating the instruction that if 

people answered no to the question on wheeze they were to skip related questions, 

and we added a question on twisted ankles to check for the assignment effect. We 

changed the method of recording the data from the Piko meter to recording readings 

in the symptom diary, as the downloaded data from 2005 were unsatisfactory. The 

temperature loggers were reprogrammed to record temperature every hour instead of 

every 20 minutes and to remain in place for the whole winter. We re-emphasised to 

the community coordinators the need for accuracy and timely retrieval of data. 

Participants signed informed consent forms. Parents signed on behalf of their 

children. Households were told that the heaters were the property of the homeowner. 

http://www.healthyhousing.org.nz/research/past-research/housing-heating-and-health-study
http://www.healthyhousing.org.nz/research/past-research/housing-heating-and-health-study
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4.8 Outcomes and sample size 

The primary outcome measure was changes to lung function. The study was powered 

to show a reduction in the amplitude of diurnal changes expressed as a percentage of 

their mean PEFR over winter (amplitude % mean).   A total of 430 children were 

required to detect a 15% reduction in the intervention group compared with the 

control group, assuming a correlation with the previous year’s measurement of 0.4, 

with 90% power, α at 0.05, and a 15% non-response rate. Secondary outcomes were 

reported asthma symptoms. Intermediate outcomes were temperature and nitrogen 

dioxide levels in the living room and child’s bedroom. 

4.9 Statistical analysis 

Epi-Info version 3.4.1 (CDC Atlanta, GA) was used to double-enter the responses to 

the questionnaire and data from the diaries. We cleaned and analysed the data using 

the statistical package R version 2.9.1.92The binary information (for example, dry 

cough at night yes or no) was analysed using both standard generalised linear models 

and analysis of covariance (adjusting for outcome at baseline) generalised linear 

models with the logistic link function. 'From these models we derived unadjusted and 

adjusted odds ratios (with 95% confidence intervals) as measures of the effect size.  

We present data only for the index child, eliminating the need to control for clustering 

by household. When baseline measurements were not available (0% to 2% of 

participants for questionnaires and 33% for lung function measures), we used the 

overall mean and validated the results using the complete data. Results for the 

imputed data were predominantly within 5% of the results for the non-imputed data. 

 

We measured FEV1 and peak expiratory flow rate from three good forced expiratory 

manoeuvres, measured each morning and evening. The three outcomes presented are 

the best blow in the morning, in the evening, and that day. 

 

For all daily records we used a linear mixed model (lme function in the R lme4 

library). This model uses two levels: in the first level (intraindividual) each child’s 

sequence of daily responses is modelled by an intercept term, on the next level 
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(interindividual) the intervention is then evaluated for its effect on this intercept term. 

The model finds the estimate of effect size that maximises the model likelihood. 

We tested model goodness-of-fit by examining the QQ plots for the fitted models. 

Ethnicity was collected using the standardised self-identity question of Statistics New 

Zealand. When multiple ethnicities were reported we used prioritised Māori and then 

Pacific ethnicities.93 
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Figure 4-1: CONSORT diagram from the Heating Housing and Health Study. 
 
 

 
  
 
 
 
 
 

 

 

Intervention group: 
175 participants 

completed all 
requirements 

Control group 
 182 participants 

completed at least one 
child’s symptom 

diary 2006 

Control group: 
174 participants 

completed all 
requirements 

• 3 households did not complete 
   2006 child’s questionnaire 

 

• 8 households did not complete 
    2006 child’s questionnaire 

 

Intervention group  
 178 participants 

completed at least one 
child’s symptom diary 

2006 
 

• 9 households moved 
• 1 household not contactable 
• 1 household had no asthmatic 
    child 
• 1 household heating had  
    changed 
• 10 unknown withdrawals 

 

462 households eligible and 
provisionally accepted 

  

409 households  
randomised 

Intervention group  
200 participants 

Control group 
209 participants 

899 households assessed for eligibility 

422 households completed 
2005 baseline requirements 

• 35 households did not fill in  
   consent forms 
• 4  households did not indicate  
   heater choice 
• 1 household not 
    contactable 

• 9 households moved 
• 3 households not contactable 
• 1 household study child moved 
• 2 households heating changed  
• 2 households no longer  
     interested 
• 1 household  family 
     bereavement 
• 9 unknown withdrawals  

Prior to randomisation: 
• 8 households moved 
• 5 households withdrew 
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4.10  Results 

Following randomisation there was a retention rate of 85% for households and 

children (see Figure 4-1). No significant differences were found between intervention 

and control groups for all relevant measured variables (Table 4-1). Of households that 

completed the study, 175 heaters were installed in the intervention group (131 heat 

pumps, 39 wood pellet burners, and five flued gas heaters). The three intervention 

households that withdrew from the study had chosen heat pumps. 

 
Table 4-1: Comparison between children with asthma in intervention and control groups. Values 
are percentages (numbers) unless stated otherwise 
 

Variables 
Intervention 

group (n=175) 
Control group 

(n=174) Mean difference (95% CI) 
Boys 54.29 (95) 60.34 (105) −6.05 (−16.99 to 4.87) 
Mean (No) age (years) 10.06 (175) 10.02 (174) 0.04 (−0.23 to 0.30) 
Ethnicity:    
 Māori 34.86 (61) 37.36 (65) −2.50 (−13.15 to 8.15) 
 Pacific peoples 13.14 (23) 7.47 (13) 5.67 (−0.01 to 12.60) 
 Other 52.00 (91) 43.68 (96) 8.32 (−2.70 to 19.34) 
Family history of asthma 53.71 (94) 54.02 (94) −0.31 (−11.08 to 10.46) 
Smoker in home 20.00 (35) 22.41 (39) −2.41 (−6.7 to 11.56) 
Region:    
 Porirua 21.71 (38) 22.41 (39) −0.7 (−9.97 to 8.57) 
 Hutt Valley 33.71 (59) 28.74 (50) 4.97 (−5.30 to 15.26 ) 
 Christchurch 27.43 (48) 28.57 (50) −1.31 (−11.31 to 8.69) 
 Dunedin and Bluff 17.14 (30) 20.11 (35) −2.97 (−11.71 to 5.77) 
Gas heating before study 55.43 (97) 59.20 (103) 3.77 (−7.18 to 14.71) 

 
Table 4-2 and Table 4-3 shows the unadjusted and adjusted results for the lung 

function tests done in the morning and evening. The β coefficients are the average 

daily change in best blow for FEV1 and peak expiratory flow rate for the intervention 

group compared with the control group. In 2006, after the intervention, a non-

significant increase occurred in daily FEV1 (129.4 ml, 95% confidence interval −21.4 

to 280.3; P=0.09) and daily peak expiratory flow rate (12.12 l/min, 95% confidence 

interval −4.76 to 29.00; P=0.16). 
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Table 4-2:Effect of intervention on lung function in children (unadjusted) 
 

Variable No of person days No of children 

Unadjusted 

Effect size (β) (95% CI) P value 
Amplitude % mean peak 
 expiratory flow rate 

26 439 359 1.41 (−2.80 to 5.62) 0.51 

Daily FEV1 26 960 360 130.7 (−20.3 to 281.7) 0.09 
FEV1 morning 22 157 346 57.6 (−74.8 to 190.1) 0.40 
FEV1 evening 23 406 353 121.7 (−37.0 to 280.3) 0.13 
Daily peak expiratory flow 
rate 

27 007 360 12.29 (−4.57 to 29.15) 0.15 

Am peak expiratory flow rate 22 450 347 9.01 (−7.54 to 25.56) 0.28 
Pm peak expiratory flow rate 23 413 353 12.30 (−4.14 to 28.74) 0.14 
FEV1=forced expiratory volume in one second. 
ß coefficients are estimated effect size of intervention on peak expiratory flow rate and FEV1. 
measure. 
 
Table 4-3:Effect of intervention on lung function in children (adjusted*) 

Variable No of person days No of children 

Adjusted* 

Effect size (β) (95% CI) P value 
Amplitude % mean peak 
 expiratory flow rate 

26 439 359 1.41 (−2.80 to 5.62) 0.62 

Daily FEV1 26 960 360 129.4 (−21.4 to 280.3) 0.09 
FEV1 morning 22 157 346 57.0 (−75.4 to 189.4) 0.4 
FEV1 evening 23 406 353 120.6 (−38.1 to 279.4) 0.14 
Daily peak expiratory flow 
rate 

27 007 360 12.12 (−4.76 to 29.00) 0.16 

Am peak expiratory flow rate 22 450 347 8.92 (−7.66 to 25.50) 0.29 
Pm peak expiratory flow rate 23 413 353 12.17 (−4.3 to 28.63) 0.15 
FEV1=forced expiratory volume in one second. 
ß coefficients are estimated effect size of intervention on peak expiratory flow rate and FEV1. 
*Controlled for baseline measure. 
 

 

Table 4-4 and Table 4-5 show the adjusted and unadjusted results for self-reported 

health status and dummy variables used to test for assignment effect. A statistically 

significant improvement occurred in half the symptoms - that is, fewer children in the 

intervention group than control group had health rated as suboptimal (poor, fair vs 

good, very good, excellent) by their parents (adjusted odds ratio 0.48, 95% confidence 

interval 0.31 to 0.74; P<0.001). Parental reports showed a reduction in sleep disturbed 

by wheeze (adjusted odds ratio 0.55, 95% confidence interval 0.35 to 0.85; P<0.001) 

and dry cough at night (0.52, 0.32 to 0.83; P=0.01).The other three symptoms (attacks 

of wheezing, speech limited by wheeze, and wheeze during exercise) improved but 

not significantly. Of the four outcomes used to test for assignment effect (diarrhoea, 

vomiting, ear infections, and twisted ankles) only twisted ankles showed a significant 

effect. 
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Table 4-4: Unadjusted Effect of heating intervention on parent reported health outcomes in 
children 
 
 

Health outcome 

No of 
children 
(n=349) 

% with outcome 
in control group 

Unadjusted 

Odds ratio (95% 
CI) P value 

Poor or fair health† 346 60 0.46 (0.30 to 0.71) <0.001 
Attacks of wheezing‡ 345 43 0.68 (0.44 to 1.05) 0.08 
Sleep disturbed by 
wheeze 

344 60 0.54 (0.35 to 0.83) 0.005 

Speech limited by 
wheeze 

344 19 0.74 (0.43 to 1.27) 0.27 

Wheeze during exercise 344 66 0.73 (0.46 to 1.14) 0.16 
Dry cough at night 345 66 0.50 (0.32 to 0.79) 0.003 
Diarrhoea 343 34 0.81 (0.51 to 1.26) 0.34 
Vomiting 344 31 1.01 (0.64 to 1.59) 0.98 
Ear infections 344 24 1.40 (0.85 to 2.31) 0.19 
Twisted ankles 346 12 1.86 (1.03 to 3.35) 0.04 

†Compared with good, very good, and excellent health. 
‡More than four attacks per week compared with less than three attacks. 
 
Table 4-5: Adjusted Effect of heating intervention on parent reported health outcomes in 
children 
 

Health outcome 

No of 
children 
(n=349) 

% with outcome 
in control group 

Adjusted* 

Odds ratio (95% 
CI) P value 

Poor or fair health† 346 60 0.48 (0.31 to 0.74) <0.001 
Attacks of wheezing‡ 345 43 0.71 (0.45 to 1.11) 0.13 
Sleep disturbed by 
wheeze 

344 60 0.55 (0.35 to 0.85) <0.001 

Speech limited by 
wheeze 

344 19 0.69 (0.40 to 1.18) 0.18 

Wheeze during exercise 344 66 0.67 (0.42 to 1.06) 0.09 
Dry cough at night 345 66 0.52 (0.32 to 0.83) 0.01 
Diarrhoea 343 34 0.72 (0.45 to 1.16) 0.18 
Vomiting 344 31 0.88 (0.55 to 1.40) 0.58 
Ear infections 344 24 1.16 (0.68 to 1.99) 0.58 
Twisted ankles 346 12 —§ —§ 

 
*Controlled for baseline measure. 
†Compared with good, very good, and excellent health. 
‡More than four attacks per week compared with less than three attacks. 
§Question not asked in 2005. 
 

Statutory school records on absence, showed that children in the intervention group 

had 1.80 fewer days off school (0.11 to 3.13, P=0.04) during the winter term (100 

school days). Parents of children in the intervention group also reported an average of 

0.5 fewer episodes of cold and flu (95% confidence interval 0.14 to 0.79, P=0.01), 0.4 
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fewer visits to the doctor for asthma (0.11 to 0.62, P=0.01), 0.25 fewer visits to a 

pharmacist for asthma (0.09 to 0.32, P=0.01), and 0.27 fewer visits to the doctor for 

non-asthma related conditions (0.01 to 0.46, P=0.04). 

  

4.11  Exposure 

After the intervention, during the winter 2006, the average living room temperature of 

intervention households was 17.07°C compared to 15.97°C for control households a 

difference of 1.10°C (0.54 to 1.67 P<0.001) Similarly, the average temperature in the 

child’s bedroom for intervention households was 14.84°C compared to 14.26°C for 

control households a mean difference of 0.57°C (0.05 to 1.08 P=0.03). 

 

Exposure to low temperatures, measured as degree hours—that is, hours per day, 

multiplied by number of degrees less than 10°C—was over 50% less in the 

intervention group than in the control group. In the living room the exposure was 1.13 

degree hours in the intervention group compared with 2.31 degree hours in the control 

group, a difference of 1.18 degree hours (95% confidence interval 0.49 to 1.93, 

P=0.001). Exposure in the child’s bedroom was 2.03 degree hours in the intervention 

group compared with 4.29 degree hours in the control group, a difference of 2.26 

degree hours (0.99 to 2.34, P<0.001). 

 

Ambient outdoor nitrogen dioxide levels were the same in both groups, but indoor 

levels were significantly reduced in the intervention group. In 2006, the intervention 

group had significantly (P<0.001) lower geometric mean nitrogen dioxide levels in 

the living room than did the control group (8.5 μg/m3 v 15.7 μg/m3, P<0.001). A 

similar significant effect was found in the child’s bedroom (7.3 μg/m3 v 10.9 μg/m3, 

P<0.001).54 

 

4.12  Discussion  

Installing non-polluting, more effective home heating in the households of children 

with asthma in New Zealand did not significantly improve lung function, but did lead 
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to a reduction in symptoms of asthma, improved wellbeing, and fewer days off 

school. 

 

The Housing, Heating and Health Study was a community-based trial on the impact of 

improved heating on the health of children with asthma. The study received funding 

from both the public and the private sector. We used a partnership model that entailed 

working with 18 different community agencies and private organisations and we were 

able to maintain a high level of support throughout. This study also showed the 

success of a Treaty-based partnership research design, which saw involvement and 

responsibility of Māori at all levels of the research thus facilitating the participation of 

Māori community organisations and participants. 

 

We used lung function as the primary outcome measure, because it can be objectively 

recorded. We did not, however, find a statistically significant improvement in either 

FEV1 or peak expiratory flow rate. One possible reason for failing to achieve 

statistical significance is that the improvement in symptoms led to less use of reliever 

drugs and this introduced a bias that reduced the observed effect on lung function. 

Another possibility is an error in our measurement of lung function; the Piko meter 

proved susceptible to unstable readings with poor technique. In the second year, we 

were aware of this limitation and the community workers took greater care to check 

the children’s technique at each visit. Problems of this type reduce statistical power, 

but are unlikely to change the direction of the result because of the randomised nature 

of the study design. Another possible reason is that the magnitude of the effect from 

the intervention was smaller than anticipated in our power calculations. A possibility 

remains that no effect exists. 

 

Although improvement in lung function is considered ideal for assessing control of 

asthma, little correlation exists between measures of airway calibre and symptoms of 

asthma, nor is there good agreement between asthma severity as reported by a doctor 

or as determined by lung function.94 95 Indeed, questionnaires to determine the control 

of asthma have been shown to be better discriminators of control than diaries of peak 

flow measurements.96 
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Although we were unable to show significant improvements in lung function, the 

direction of almost all the results was towards an improvement in health. We found 

significant reductions in asthma symptoms and time lost from school and reductions 

in dry cough at night and sleep disturbed by wheeze. These reductions in nocturnal 

symptoms were supported by similar findings from the children’s daily symptom 

diaries. These changes are consistent with significantly reduced exposure to nitrogen 

dioxide at home in the evening and at night.  

 

Parents also reported fewer lower respiratory tract symptoms in children in the 

intervention group, as well as fewer absences from school and reductions in GP and 

pharmacists’ visits to the doctor or a pharmacist for asthma and for colds and flu. and 

school reported absences. The greater magnitude of changes in these symptoms and 

behaviours, compared with measured lung function suggests that the symptoms 

associated with exposure to nitrogen dioxide may have been predominantly of an 

irritant nature, rather than inducing changes in airway calibre.  

 

The results of this study build on earlier research indicating that higher indoor 

temperatures and lower nitrogen dioxide delivered by improved heating are associated 

with reduced asthma symptoms97 and our own work showing that retrofitting 

insulation in homes improves health status and respiratory symptoms.91 Over and 

above the improvements in health already obtained from insulating these houses, our 

results show the impact of less polluting, more effective heating on children’s self-

reported severity of asthma symptoms. The reduction of symptoms is reflected in 

fewer days off school and fewer visits to the doctor. 

 

Although only half the houses in each group had unflued gas heaters at baseline, the 

large reduction in nitrogen dioxide levels in the intervention group suggests a dual 

benefit of the new heaters: raising the indoor temperature and reducing nitrogen 

dioxide levels. Further analyses of nitrogen dioxide measurements and the use of the 

new heaters were undertaken for a subsample of 69 intensively monitored houses.98 99  

In addition we analysed the health records of other family members to see if the 

intervention had an impact on other dimensions and objective measures of health, and 

we have carried out a cost-benefit analysis.53 The capital cost of the study intervention 

was not borne by the participants and was relatively high for a population- based 
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intervention ($NZ3000; £1137; €1392; US$2007 average per house) compared with 

the average cost of the unflued gas or portable electric heater ($NZ100 per house). 

A major limitation in randomised trials of this sort is the impossibility of 

implementing blinding of the participants or field workers, once they visited the home. 

This could have resulted in an assignment effect.. The outcome measurements 

included both self-report and blinded measures and when both were available, as 

with days off school, the blinded measures showed a greater effect, suggesting any 

assignment effect was in the direction of minimising the intervention effect. In 

addition, three of the four dummy variables showed no significant change with the 

intervention. The other outcome (twisted ankles) showed increased incidence in the 

intervention group, also suggesting that any bias due to the assignment effect was in 

the direction of minimising the effect of the intervention. 

 

Another important issue is the choice of primary outcome measure; we chose metred 

measures of lung function, because these were more objective and because the study 

could not be double blinded. It may be that lung function is less important to the daily 

life of children with asthma than are the frequency and severity of symptoms. In 

addition symptoms may be more sensitive to change and more reliable than laboratory 

based measures carried out by children in a community setting.14 

 

As highlighted by one study, managing a community trial with community 

organisations as partners is challenging for all parties88 For example, many people did 

not know initially whether their house was insulated or what kind of heating they had, 

so the visits by community coordinators before the study to establish whether 

participants met the inclusion criteria were more challenging and expensive than 

anticipated. The study had some methodological difficulties; in particular during the 

2005 baseline year the Piko meters did not perform as well as we had expected. They 

proved fragile, were prone to recording high readings with misuse, and the data were 

difficult to download. In 2006 we amended the study protocol by asking the children 

to write each measurement from the Piko meter in the symptom diary and encouraged 

the community workers to check these carefully to ensure compliance and technique. 

To remind the children to use their meters and diaries we gave them digital alarm 

clocks, fridge magnets, and stickers with cartoon characters, which worked well. On 

the final visit we gave each child a certificate of appreciation. 
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The results suggest that improving both the type and amount of heating in the homes 

of children with asthma does not significantly affect measured lung function, but does 

have several beneficial effects. Houses in this study included all forms of tenure, and 

the households had a range of incomes, so apportioning the relative benefits to the 

participants and to the public good is an important policy issue. In the United 

Kingdom, Scotland has made the policy decision that installing central heating in all 

social and pensioner housing, regardless of tenure, is largely for the good of the public 

and will pay more health dividends than focusing on clinical waiting lists, as is done 

in England. 100 The heaters used in this study were non-polluting and more 

environmentally sustainable than the less effective heaters that were replaced, an 

additional public good benefit in terms of mitigating climate change.101  

4.13  Conclusion 

Although the improvement in lung function was not statistically significant, large 

improvements were found in the symptoms of asthma. These patient-centred 

measures are arguably as important to the daily life of children with asthma than more 

objective measures, and adopting this environmental intervention is an effective 

adjunct to the pharmaceutical treatment of asthma symptoms. 

4.14  Key points of Importance from this chapter for the 
project 

This chapter introduces the Heating Study. It shows an example of the typical ITT 

analysis for randomised community trials. This Chapter is also typical in the way the 

assignment effect is reported as a limitation, but not analysed statistically. In this 

chapter, the main mechanisms for the interventions effect, reduced NO2 and increased 

temperature are only analysed in a cursory fashion. In the next two chapters, we 

explore these mechanisms in more detail as they are the most important intermediate 

variables that we use later to give a more detailed explanation on causality in the 

Heating Study.  



80 
 

5  The Health Effects of Nitrogen Dioxide 

5.1 Chapter Goal 

In the Heating Study, one of the important mechanisms, by which the heaters are 

hypothesised to affect health, is through the reduction in NO2 from the removal of the 

unflued gas heaters. In the previous chapter, we note only that NO2 was reduced by 

the intervention. In the related paper “Sources of nitrogen dioxide (NO2) in New 

Zealand homes: findings from a community randomized controlled trial of heater 

substitutions” , we show that these unflued gas heaters are the main source of NO2 in 

the Heating Study homes (Appendix C).54 In this chapter, which is an abridged 

version of a paper published in European Respiratory Journal,102  we explore the 

relationship between NO2 and both lung function and asthma symptoms. In this we 

introduce the previous literature on the health effects of NO2 that suggest that 

exposure to NO2 is associated with respiratory symptoms. While the data is this paper 

comes from the heating study RCT, it is analysed as an observational study because 

NO2 is not randomised. Furthermore, we show that exposure to nitrogen dioxide in 

the heating study was associated with increased symptoms in children with asthma 

and note that the convention is to measure exposure to NO2 on a log scale. We have 

included this work as a chapter as we later use nitrogen dioxide as one to the key 

intermediate variables in explaining the causal effect of the intervention. In Chapter 3 

we forced the intermediate variables to have linear effect on the outcome. In this 

chapter, we note that NO2 is does not have a linear effect on respiratory health. 

However, we do show that logged NO2 has a linear effect on lung function and 

therefore logged NO2 is a suitable metric of NO2 to use as a measured intermediate 

variable. 

Background 

Asthma is one of the most prevalent chronic diseases in childhood. It imposes a heavy 

burden on health care expenditures and reduces the quality of life for individuals and 

their families. There is growing evidence that asthma symptoms can be aggravated or 

even triggered by exposure to indoor nitrogen dioxide (NO2) emitted from unflued gas 

heating and cooking appliances. 89 103-105 
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While human controlled-exposure studies have reported associations between NO2 

and respiratory symptoms such as wheeze and cough 5 106 107 epidemiological evidence 

for the association between NO2 exposure and respiratory symptoms has been 

inconsistent. This inconsistency is partly due to methodological problems, 

confounding or effect modification by other pollutants, and a lack of prospective data 
108 109. To some extent, this inconsistency in epidemiological studies also relates to the 

differences between the groups of people who have been studied. Populations have 

included healthy children, 105 110 111 children with asthma, 78 103 112 infants, 113 114 and 

adults with and without asthma. 41 115-117 

Despite the many different methodologies being studied, a systematic review, 

involving 23 outdoor and 36 indoor studies, assessed the role of NO2 in respiratory 

diseases. The review concluded that respiratory effects were associated with levels of 

NO2 encountered in common domestic and outdoor settings.118 Another systematic 

review of the health effects caused by environmental NO2 reported that there was 

moderate evidence that short-term exposure (24 hours) even for mean values below 

50μgm3 NO2  increased both hospital admissions and mortality.119 The review also 

reported that there was moderate evidence that long-term exposure to a NO2 level, 

below the World Health Organization recommended air quality annual mean 

guideline of 40μgm3,was associated with adverse health effects (respiratory 

symptoms/diseases, hospital admissions, mortality, and otitis media). 

Few randomised controlled trials have been conducted on the effects of NO2 on 

respiratory health. In 2003, Pilotto and colleagues reported the first randomised 

controlled trial. Their study intervention involved removing high exposures to NO2 by 

replacing unflued gas heaters in schools with flued gas or electric heaters.89 The study 

reported a reduction in the rates of difficult breathing, chest tightness, and daytime 

asthma attacks. 

We have previously shown that homes in this study with unflued gas heating had 

significantly higher levels of NO2 in their living rooms, than homes that did not use 

this form of heating. 54 The primary aim of this chapter is to investigate the impact of 

NO2 in the home environment on the respiratory health of children with asthma. A 

secondary aim is to investigate the effect of outdoor NO2 on these children. 
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5.2 NO2 measurements 

 

We piloted the use of passive diffusion tubes 120 to measure NO2 over the 2005 winter 

(June until September) in 203 homes. Passive diffusion tubes consist of an acrylic 

tube, which at one end is a cap with mesh steel that is coated in an absorbent 

(triethylanolamine, TEA). At the other end is a removable cap, which once opened the 

sampling period starts. These tubes were inserted into spacers that held the tubes 5cm 

out from the wall at a height of 1.8m from the ground. Over the 2006 winter, NO2 was 

measured over four four-week sampling periods in 349 living rooms. Outdoor NO2 

(from the back-porches of the homes) was measured over the final four-week 

sampling period. 

 

After four weeks, the tubes were collected, sealed, and returned to the study centre. 

NO2 concentrations were determined in a single laboratory colourimetrically as nitrite 

with Griess-Saltzman reagent. The azo dye-forming reagent was prepared as 

described by Palmes and colleagues and contained N-(1-naphthyl) ethylenediane 

dihydrochloride (NEDA), de-ionised water, orthophosphoric acid (H3PO4), and 

sulphanilic acid.120 The reagent was fresh for each analytical run. 

 

5.3 Outcome measures 

Our primary outcomes were measures of lung function - Peak Expiratory Flow Rate 

(PEFR) and Forced Expiratory Volume in one second (FEV1). Small hand-held 

spirometers “Piko-meters” were given to each child and their appropriate use 

explained by community-coordinators. Over the 2005 winter, the Piko-meter’s 

internal recording device was used to select the best of three blows every morning and 

evening from 297 children. However, due to the high number of implausible readings, 

more than five percent over the 2005 winter, in 2006 more emphasis was placed on 

teaching the children the correct technique, as well as asking them to record up to five 

blows (morning and evening) in a symptom diary (360 children recorded readings in 

2006). Symptom diaries were designed to record symptoms for the entire study period 

(112 days per child). Daily measures of asthma severity and upper respiratory tract 
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symptoms were recorded in the symptom diaries by 360 children in 2006. Each 

respiratory symptom was recorded on a nominal severity scale from 0 to 3 as used by 

Chauhan, 78 with “0” representing the absence of a symptom and “3” representing the 

greatest severity level. Symptoms of cough at night, cough on waking, wheeze at 

night, and wheeze on waking were recorded each morning. Cough and wheeze during 

the day, number of preventer and reliever puffs, were recorded in the evening.  Lower 

respiratory symptoms were defined as cough on waking; wheeze on waking; night-

cough; and wheeze during the night, while upper respiratory tract symptoms were 

defined as having a runny nose or sneezing; blocked or stuffy nose; sore throat or 

hoarse voice; head-aches or face aches; and aches and pains elsewhere. The median 

return for recorded symptoms was 81 days and lung function measures were recorded 

over a median of 72 days. 

5.4 Statistical analysis 

Data were cleaned and analysed using R version 2.9.192. NO2 measurements were log 

normally distributed, so the analysis was based on log-transformed NO2 measures. 

The maximum FEV1 and PEFR morning and evening, were used in the analysis. 

Reported daily health symptoms and spirometry were matched to the NO2 level 

measured in the corresponding month. For example, a FEV1 or PEFR reading taken 

on day 10 was matched to the NO2 level measured during the first four-week period 

of the study. 

 

Over the 2006 (study year), outcomes and NO2 measurements were used in the 

models, the 2005 (baseline year) outcomes were not included in order to reduce model 

complexity. Linear mixed effects models were used to analyse the data. These models 

consist of two levels. The first level consisted of the random effects of the repeated 

measures on the same individuals. The second level captured the fixed linear effects 

of NO2 on health outcomes. Outcomes for the linear mixed effects models were daily 

maximum FEV1, and PEFR, and daily symptom scores. 

 

The results are presented as the mean change in lung function per logged unit of NO2 

or the change in mean symptom rate per unit increase in logged NO2. A one unit 

change in NO2 is approximately the same as moving from the 25th percentile to the 
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75th percentile. Indoor NO2 was measured for up to 16 weeks (112 days) per child and 

outdoor NO2 was measured for one four-week period over September 2006. A 

sensitivity analysis was performed to assess the presence of a threshold effect of NO2 

exposure, but no threshold effect was found. Because of differences in the period of 

measurement between indoor and outdoor NO2, the models with indoor NO2 cover the 

entire winter period and have four times as many data points than models that include 

outdoor NO2, which only cover the final four-weeks of the winter period. 

5.5 Findings 

The basic demographic data are given in Table 5-1; at baseline 58.6% of children 

were male and the average age was 9.6 years (range 6-13 years). The study had a 

higher proportion of Mäori and Pacific peoples than the national average of children 

aged 5 to 14 years (22.5% and 11.1% respectively), but the percentage of New 

Zealand European participants was similar to the national average of 61.7%. The 

indoor NO2 geometric mean was 11.4µg/m3, while the outdoor NO2 geometric mean 

was 7.4µg/m3. 

Table 5-1: Participant’s characteristics, NO2 levels, and temperature over the 2006 winter 
 

Demographic N=349 

Males 58.6% 

Age (mean years at baseline) 9.6              

Mäori 35.0% 

NZ European 63.0% 

Pacific peoples 16.9 % 

Other ethnicity 13.5% 

NO2 level indoors (geometric mean) 11.4µg/m3 

NO2 level outdoors (geometric mean) 7.4 µg/m3 

Mean indoor temperature 16.5°C 
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The mean of the cough symptom scores ranged between 0.44 and 0.59 on a scale of 

zero to three (Table 5-2). Similarly for wheeze, the average scores ranged between 

0.27 and 0.37. Among all children the mean FEV1 was 2065mls for the morning 

readings and 2507mls for the evening readings and the mean PEFR morning and 

evening readings were 282.7L/min and 283.0L/min respectively. 

 
Table 5-2: Mean daily respiratory symptom scores, medication use, lung function measures over 

the 2006 winter 
 

Health event Days Participants Mean 
Cough at night 26546 344 0.45 
Cough during the day 27364 358 0.59 
Cough on waking 26528 344 0.44 
Wheeze at night 26421 343 0.29 
Wheeze during the day 27133 356 0.37 
Wheeze on waking 26431 343 0.27 
Preventer use 27583 356 1.56 
Reliever use day (puffs) 27277 357 1.08 
Lower respiratory symptoms 23475 337 2.40 
Upper respiratory symptoms  26860 353 1.57 
FEV1 evening (mls) 23428 357 2507 
FEV1 morning (mls) 22163 347 2065 
PEFR evening (L/min) 23435 357 282.7 

PEFR morning (L/min) 22456 348 283.0 
 

 

A log scale was used as NO2 is log normally distributed. To help interpret tables 5.3 

and 5.4, a one unit change in both outdoor and indoor NO2 is approximately the same 

as moving from the 25th percentile to the 75th percentile i.e. if someone was to move 

from a “low” NO2 (5.5µg/m3) house or area to a “high” NO2 (15.9µg/m3) house or 

area on average, this would result in increasing their cough at night symptoms by 1.16 

times.  
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Table 5-3: The effect per logged unit increase in indoor NO2 on daily asthma symptom scores and 

medication use over the 2006 winter 
 

Health event Days Participants  Change#  95% CI 
Cough at night 25528 344 1.16 1.12 to 1.21 

Cough during the day 26329 358 1.12 1.08 to 1.16 

Cough on waking 25513 344 1.16 1.11 to 1.20 

Wheeze at night 25406 343 1.12 1.06 to 1.19 

Wheeze during the day 26101 356 1.06 1.01 to 1.12 

Wheeze on waking 25417 343 1.12 1.06 to 1.18 

Preventer use 26522 356 0.99 0.98 to 1.01 

Reliever use day (puffs) 26234 357 1.14 1.11 to 1.17 

Lower respiratory 

symptoms 
22756 337 1.14 1.12 to 1.16 

Upper respiratory 

symptoms  
25857 353 1.03 1.00 to 1.05 

# Change in mean symptom rate per unit increase in logged NO2 
 
  
Table 5-3 shows a consistent and significant increase in lower (mean ratio 1.14: 95% 

CI; 1.12-1.16) and upper (mean ratio 1.03: 95% CI; 1.00-1.05) respiratory tract 

symptoms with exposure to increased NO2. The mean ratios were also significant for 

the positive associations between indoor NO2 and all cough and wheeze symptoms. 

An increase in indoor NO2 exposure was also significantly related to reliever use 

during the day. Indoor NO2 had no effect on preventer use. 
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Table 5-4: The effect per logged unit increase of indoor NO2 on daily lung function measures in 

children over the 2006 winter 
 

Lung function measure N# N$ 
Effect 
size 

(mls) 
95% CI 

FEV1 evening (ml) 22516 346 -13.21 -26.03 to -0.38 

FEV1 morning (ml) 21335 337 -17.25 -27.63 to -6.88 

PEFR evening(L/min) 22518 346 -0.97 -2.29 to 0.36 

PEFR morning (L/min) 21619 338 -1.33 -2.69 to 0.02 
#Number of participant days. 
$Number of participants. 
 

The results for the association between indoor NO2 and lung function are reported in 

Table 5-4. These show a consistent decrease in lung function with increasing indoor 

NO2, which is significant for morning and evening FEV1 readings. 

 

 
Whilst Table 5-4 showed the effect of indoor NO2 on lung function, also of interest 

was how much of this relationship was due to outdoor NO2. As outdoor NO2 was 

measured in the final four-weeks of the study rather than over the entire winter period, 

it was necessary to restrict the analysis of indoor NO2 adjusted for outdoor NO2 to the 

final four-weeks of the study. When this restriction was applied to the results in Table 

5-4, the sample size was greatly reduced and hence there was a reduction in power; 

this is seen in the reduction in N (E.g. 22516 to 5257, for evening FEV1). However, 

the adjustment for outdoor NO2 did not significantly reduce the effect size of indoor 

NO2 on symptoms or lung function, indicating the effect of indoor NO2 on lung 

function was independent of the effect of outdoor NO2. Similarly, the effect of 

outdoor NO2 was independent of the effect of indoor NO2 (not shown). 

 

The results presented in the Tables  5-3 and 5-4 were also adjusted for a range of 

confounders (age, sex, smoking, the outcome at baseline, parental history of asthma, 

region, ethnicity, the effect of the intervention, and low income). These adjustments 

made no substantial change to the results. However, when the models were adjusted 

for temperature, while most results were unchanged, the significant association 
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between indoor NO2 and wheezing disappeared and the association between indoor 

NO2 and preventer use became significant.  

5.6 Discussion 

NO2 levels found in this study are higher than those reported previously indoors in the 

United Kingdom (Ashford), Spain (Menorca), and Sweden (Uppsala) 121 122 and are 

comparable to those previously measured in New Zealand (Nelson), Italy (Po River 

Delta), and the United States of America  2005, 104 123 However, NO2 levels in our 

study are lower than those reported in Barcelona.121 13.8% of homes (indoors) had 

average NO2 levels in excess of the WHO annual average outdoor NO2 guideline106 of 

40μg/m3 and 1.9% of homes had outdoor levels in excess of this standard. . 

Our findings that indoor NO2 was associated with greater daily reports of lower and 

upper respiratory tract symptoms, more frequent coughing and wheezing and a 

reduction in morning and evening FEV1 are consistent with previous findings from 

observational studies. 78 118 123 124 The conclusion of one systematic review stated that 

average hourly NO2 values of 80ppb (~154μgm3) are likely to cause respiratory 

symptoms in the general population of children.118 Furthermore, a study by Jarvis and 

colleagues reported a 3.1% reduction in the lung function (percent predicted FEV1) of 

women who used gas stoves in comparison to women who used other forms of 

cooking 125. In a later publication by Jarvis, it was noted that burning gas appliances 

indoors may produce more of an effect on respiratory health than is reflected by NO2 

levels due to the failure to account for the adverse effects of nitrous acid (HONO), 

which is generated directly from gas combustion and indirectly from NO2.126 

Increasing levels of outdoor NO2 were not significantly associated with an increase in 

respiratory symptoms or a reduction in lung function. The relatively large estimated 

effect for reduced lung function may be a chance finding due to the smaller sample 

size for outdoor NO2 measurement, or it may be a consequence of the respiratory 

effects of other combustion products and fine particulates associated with outdoor 

sources of NO2.127 The effect estimates of both indoor and outdoor NO2 changed little 

when mutually adjusted, indicating that these factors may be independent. This 
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suggests that indoor NO2 mainly reflects differing sources and/or mechanisms for 

reducing lung function than outdoor NO2. 

The pathophysiological effect of NO2 on the respiratory system may include early 

alterations in airway caliber and/or viscoelastic properties of the peripherial lung and 

delayed impaired gas exchange and pulmonary function abnormalities. 128 Children 

are particularly vulnerable to the effects of air pollution as they breathe 50% more air 

per kilogram of body weight than adults.129 Our findings are based on a post-hoc 

secondary analysis of a study designed to investigate the effects of a heating 

intervention. We acknowledge the shortcomings of this design for investigating the 

study hypothesis, but are also aware that due to having two groups with different 

heating systems, we are guaranteed a large spread of indoor NO2, and increased 

power. Furthermore, while the heating intervention itself was not quite significant in 

improving lung function (p=0.051)1, the overall negative effect of indoor NO2 on lung 

function suggests that the intervention may have been effective in those houses where 

there was a marked reduction in NO2. 

 

A further limitation of this work presented in this Chapter is that while we took daily 

health measures, the NO2 levels were measured as four-week averages. Therefore in 

the analysis the daily outcome from the first day of a sampling period is associated 

with a four-week average that includes future NO2 levels. In addition, another 

limitation of these findings is that short-term peak levels of exposure were not 

measured. Repeated exposures to short-term peaks of NO2 have been suggested to be 

a more important determinant of airway symptoms than total dose or absolute 

background exposure levels.130-132 Pilotto and colleagues reported that exposure to 

hourly peak levels of around 80ppb (~154μgm3)  in comparison to background levels 

of 20ppb (~38.5μgm3)  were associated with an increase in sore throats, colds, and 

absences from school in children aged 6 to 11 years.108 However, as the design of our 

study was a household intervention trial, involving 409 homes, measuring NO2 peak 

levels was not practical. 

 

Another limitation of this study is that ventilation rates were not measured. However, 

in the New Zealand situation, people tend to ventilate a dwelling at levels higher than 

the natural ventilation rates of an unoccupied, fully closed up building.133 
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Furthermore, as New Zealand homes are generally built out of timber-frames, with 

single glazing, they tend to be draughty.134  

 

The final limitation of this study is that participants were not blinded to the 

replacement of their heater, which could have affected the reporting of symptoms, and 

led to an overestimation of the effect of reduced NO2 exposure. However, outcome 

measures also included objective (PEFR and FEV1) measures and these also declined 

with increasing NO2. Moreover, after randomisation, children in both groups had 

similar characteristics, including previous use of gas heaters, parental history of 

asthma, smoking indoors and gender, so confounding by indoor factors is unlikely to 

explain the findings. We did not collect information on potential outdoor confounders 

or effect modifiers, such as traffic volume, that may explain the influence of outdoor 

NO2 on lung function measures. 

 

5.7 Conclusion 

 Indoor NO2 was significantly associated with an increase in asthma symptoms and 

reduced lung function (FEV1). These findings indicate that reducing NO2 exposure 

indoors is important in improving the respiratory health of children with asthma.  

 

5.8 Key points of Importance from this Chapter for the 
Project 

In the previous chapter, we observed that one of the effects of the intervention was to 

reduce the children’s exposure to NO2. In this chapter, we introduce the literature on 

the health effects of NO2 and show that in the Heating Study exposure to NO2 is 

associated with asthma symptoms. As exposure to NO2 is one of the key mechanisms 

by which the intervention is thought to effect health, it is important to understand both 

the strength of this relationship and how best to express this relationship.  Indeed, in 

this chapter we note that NO2 is most often expressed as a geometric mean, which 

implies the health effects of exposure are linked to logged exposure to NO2. This 

approach also gave the best fitting models in this chapter. Therefore, we know that 
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when we later model NO2 as an intermediate variable between the intervention and 

health, that exposure to NO2 is best measured on a log scale.  

Next, we look at the other key mechanism by which the intervention is hypothesised 

to cause health effects. This mechanism is of course temperature. 
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6 Temperature 

6.1 Chapter Goal 

In contrast to nitrogen dioxide (NO2 ) where there was previous literature on the 

relationship between exposure and respiratory health, for indoor temperature there is 

little in the literature on how best way to describe the relationship with health. Hence, 

the goal is this chapter is to explore the relationship between indoor temperature and 

lung function in children with asthma. Again the data in this chapter come from the 

heating study RCT, but are analysed as observational data because temperature is not 

directly randomised. Fortunately we have excellent data available for temperature. 

Whilst in the previous chapter, we used one measurement of nitrogen dioxide for 

every four weeks of the study, in this chapter we have a temperature measurement for 

every hour of the study. This allows a far more in-depth exploration of the 

relationship, which is lacking in much of the previous research on indoor temperature. 

We use this chapter to find a best metric of temperature measurement for explaining 

the relationship between exposure to indoor temperature and health. In Chapter 3 we 

had forced the measured intermediate variables to have a linear effect on the health 

outcome. Therefore our goal when selecting an appropriate metric of temperature in 

this chapter is to select the one that has the greatest linear effect on health. We then 

use this metric to as an intermediate variable in the models in later chapters. 

The work in this Chapter is done primarily for the project, but as it forms a distinct 

body of work in its own right we hope to publish a paper from it. My co-authors on 

this prospective paper are Richard Arnold, Michael Keall, Philippa Howden-Chapman 

Julian Crane and Malcolm Cunningham. 

6.2 Background 

The short-term (0 to 14 days) health effects of low outdoor temperatures have been 

well studied in large populations over long time periods. 135-143 These studies have 

found that low outdoor temperature is associated with both hospitalisations 135 140 and 

mortality. 136-139 141 In particular, the association of low outdoor temperatures with 

respiratory diseases is well established. 135 137-139 142 Yet, in these outdoor studies, 
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outdoor temperatures are assumed to be a measure of personal exposure to 

temperature, but indoor exposure is clearly more important, because people spend 

about 80% of their lives indoors. 144 145  Little research has been undertaken on the 

health effects associated with exposure to low indoor temperatures. 146 

 

Many factors that are plausibly correlated with low indoor temperatures; poor quality 

housing, damp 147 148 and mould, 39 149 150  have been shown to affect the respiratory 

health of children. Two randomised community trials (carried out by our research 

group), have shown an improvement in wheeze and cough symptoms with improved 

home insulation38  and improved home heating.1  Only two studies have examined the 

direct association between children’s respiratory health and indoor temperature. 151 152  

However, these were of limited scope and measured temperature and each health 

outcome on only one occasion per child. Studies of indoor temperature and health 

restricted in this way to a single (time) measurement for each subject will be heavily 

confounded by socio-economic measures, such as poor quality housing 148 150 and fuel 

poverty. 153 154 These measures will be correlated with both low indoor temperatures 

and other factors that may contribute to respiratory disease such as household 

crowding, access to health care, availability of washing facilities and ability to 

maintain a hygienic environment.155 Such single measures are also more vulnerable to 

measurement error and cannot provide any information about the duration of lagged 

effects. 

  

Outdoor studies in, the Netherlands,156  Valencia137 (Spain), London142 (UK), Sofia142 

(Bulgaria) and in 11 US cities157  have found that the association between low outdoor 

temperatures and exacerbation of respiratory disease was best modelled as “severity” 

or exposure to low temperatures below a (region-dependent) threshold over a lag of 7-

14 days.137 142 156  Two exceptions were the studies conducted by Curriero and 

colleagues, who found that the strongest association was with a lag of 1 to 3 days 139 

in 11 US cities, and in the UK one study identified a 3-day lag as having the best 

predictive power.158 

 

Metrics other than the simple average such as “severity” or “average below a 

threshold” effect are also plausible in the indoor environment.  Cunningham and 

colleagues showed in the Housing Insulation Study that retrofitted insulation had a 
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greater association with exposure metric of weighted average to temperature below 

10°C than on simple average temperature. 22 The outdoor studies suggest that the lag 

in the effect of exposure may be due to impaired immunological defences,137 although 

the evidence concerning this mechanism is weak.156 159 This mechanism is equally 

plausible in the indoor environment, but the evidence for this is lacking. 

 

The lack of studies on indoor temperature is perhaps due to the difficulty of getting 

large numbers of repeated, individual, indoor temperature measurements. In contrast, 

outdoor temperature measurements are readily available in most countries from 

routine meteorological data. The repeated measure structure of the outdoor studies 

helps to avoid confounding from time-invariant confounders, such as poor housing 

and socio-economic status. 

 

Measurement of indoor temperature requires regular monitoring, not only of 

individual houses, but of different locations in each house. For a low incidence 

outcome such as hospitalisation, sufficient indoor temperature measurements are 

therefore too costly to collect. However, it is possible to examine sensitive sub-groups 

for more common, but less severe outcomes. Children with asthma are particularly 

sensitive to a wide variety of airway environmental challenges with even small 

changes having the potential to reduce lung function and increase respiratory 

symptoms.144 160 Little research has been done on how lung function of children with 

asthma changes with indoor temperatures. It is possible that exposure to low 

temperatures could reduce their lung function either directly through 

bronchoconstriction or  increased water loss in less humid colder air,161 or indirectly 

by impairing immunological defences to respiratory infections. 

 

Viruses are important in childhood illness and young children are more susceptible to 

symptomatic viral infections than adults. 162 Cold and influenza viruses have been 

implicated in asthma exacerbation.163 164 It has been found in laboratory experiments 

on viral cultures that low temperatures of 7–8 °C were optimal for airborne influenza 

survival, with virus survival decreasing progressively at moderate (20.5-24°C) and 

high temperatures (>30°C). In 2007, Lowen et al. discovered in a study on guinea-

pigs that influenza virus is transmitted through the air most readily in cold dry 

conditions.165 We would expect, therefore, that if exposure to low indoor temperatures 
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reduces lung function directly, these temperature effects on lung function would 

manifest quickly. Whereas, if impaired viral impaired immunity is the more powerful 

mechanism, there is likely to be a lag between the exposure and the reduction in lung 

function. Research suggests that virus-induced asthma symptoms are apparent three 

days after exposure to the virus.166 The viruses themselves have longer survivability 

in cold environments.164  

 

In this chapter, we use the detailed repeated measurement data from the Heating 

Study to examine the relationship between different metrics of exposure to indoor 

temperature and respiratory health.  In particular, we seek the most appropriate 

summary exposure measure that can be derived from the hourly indoor temperature 

measurements. 

 

Our aim is to determine how the short-term effects of temperature can best be 

modelled to show maximum association with changes in lung function of children 

with asthma.  Our specific research questions are:  

1) What is the most important location to measure the effect of indoor temperature on 

the child’s respiratory health: the bedroom, the living room or a combination of the 

two?  

2) Is the effect of indoor temperature on respiratory health best determined by the 

“severity” of exposure (i.e. average exposure to low temperatures below a threshold), 

the “duration” of exposure (i.e. length of exposure to low temperatures below a 

threshold), or a simple average of temperature? 

3) Over what time period or lag from 0 to 14 days does indoor temperature most 

strongly affect lung function?  
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6.3 Methods 

In this analysis, our approach is to find an appropriate daily summary measure of the 

hourly multi-location temperature measurements that best correlates with the lung 

function measures in children with asthma for the Heating  Study. A data reduction of 

this sort is necessary in order to analyse  the effect of the intervention (the provision 

of a heater) on health outcomes through the mediating variable of temperature. This 

necessitates a data-mining exercise that carries the inevitable drawbacks of multiple 

testing as we investigate a very large number of potential data summaries and models. 

We have therefore taken care to construct measures that are informed by the relevant 

literature. 

 

Measurements.  Lung function was measured daily throughout the winter of 2006 

(June to September).  The children were shown how to use Piko meters (nSpire 

Health, Longmount, CO) which were used to record the best FEV1 and PEFR of 5 

blows every morning and evening.  Temperature meters were used to record the 

temperature every hour in the living room and the child’s bedroom.  Morning and 

evening FEV1 were considered as separate outcomes for the purposes of this analysis, 

as there is a natural diurnal variation in lung function.160 

 

Hourly individual measurements. We measured temperature every hour in two 

locations: the child’s bedroom and the living room:  that is, there is a temperature 

measurement 𝑇𝑖𝑑ℎ𝑟 for each child 𝑖 on day 𝑑 at hour ℎ in location 𝑟 (bedroom or 

living room).  Using the pairs of temperature measurements at each hour we defined 

four hourly exposure measures.  The first two are simply the temperature in the 

bedroom 𝑋𝑖𝑑ℎ𝐵 = 𝑇𝑖𝑑ℎ(𝑏𝑒𝑑) and the temperature in the living room𝑋𝑖𝑑ℎ𝐿 = 𝑇𝑖𝑑ℎ(𝑙𝑖𝑣𝑖𝑛𝑔).  

The third measure we refer to as ‘Assumed Personal Exposure’ (APE)𝑋𝑖𝑑ℎ𝐴 , which we 

define as the bedroom temperature from 9 pm until 8 am and the living room 

temperature between 4 pm and 8 pm, to reflect an assumed location of the child at 

each hour.  Data between the hours of 8am and 4 pm were discarded when using this 

exposure measure.  In addition, we hypothesised that change in temperature overnight 

could be an important exposure.167  Therefore, we defined a fourth hourly exposure 

measurement 𝑋𝑖𝑑ℎ𝐷  which is the “difference exposure”. For each night, we first extract 

the maximum of the living room temperature at 8pm and the temperature in the 
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bedroom between 9pm and 8am. ( The 8pm measurement is taken in the living room 

in order to capture an exposure driven by moving from a warm living room in to a 

cold bedroom.) The difference exposure measure 𝑋𝑖𝑑ℎ𝐷  is thus the difference between 

this maximum temperature and the bedroom temperature at each hour of the night 

(9pm to 8am).  Daytime temperatures were discarded when using this exposure 

measure.  

 

Note that larger values of values of the difference exposure 𝑋𝑖𝑑ℎ𝐷  correspond to more 

extreme temperature variations, which are assumed to be deleterious to respiratory 

heath.  This is in contrast to the bedroom, living room and assumed personal exposure 

measures, where it is lower values that may be harmful to health. 

  

Aggregation of hourly measurements to daily measurements.  Our exposure data were 

measured hourly, but the lung function outcomes were measured daily.  We therefore 

aggregated the hourly exposure measurements into daily measures. For each of the 

four types of hourly exposure measurement 𝑋𝑖𝑑ℎ we aggregated the observations in 

three different ways (over the hours for which that measure is defined) to create a 

daily exposure measure. 

 

For any given observation period 𝑅 of length 𝑛𝑅hours, let 𝑋𝑖𝑑ℎ be the exposure 

measure for child 𝑖 on day 𝑑 at hour ℎ.   The daily exposure to low temperatures is 

calculated in three ways:  

 

(1) The duration of exposure to low temperatures below some threshold is defined as 

the proportion of hours per day of exposure less than a threshold 𝐻: 

   

𝐷𝑖𝑑 =
1
𝑛𝑅

� I [𝑋𝑖𝑑ℎ <  𝐻]
ℎ∈𝑅

 

 

where I[𝑋𝑖𝑑ℎ <  𝐻] = 1 if 𝑋𝑖𝑑ℎ <  𝐻  and is zero otherwise.  We calculated this daily 

measure for temperatures 𝐻 from 10°C to 18°C for bedroom, living room and 

assumed personal exposure. The difference exposure is similarly defined except 
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exposure is the duration of the contrast above the threshold 𝐻 and 𝐻was varied from 

1°C to 10 °C. 

 

 (2) The severity of exposure to low temperatures 𝑆𝑖𝑑 is the mean number of degree-

hours below a chosen threshold temperature 𝐻: In other words the severity metric S is 

the weighted average  of exposure to temperatures less than H° where temperatures at 

H and above are given a value of 0. 

 

𝑆𝑖𝑑 =
1
𝑛𝑅

�max [𝐻 − 𝑋𝑖𝑑ℎ, 0]
ℎ∈𝑅

 

 

We calculated this daily measure for temperatures of 𝐻 from 6°C to 14°C for 

bedroom, living room and assumed personal exposure. The difference exposure is 

similarly defined, except exposure is the average contrast above the threshold 𝐻, and 

𝐻was varied from 1°C to 10 °C. 

 

 (3) To be consistent with the existing limited literature on indoor temperature 

exposure measures, we also calculated the simple average exposure: 

 

𝐴𝑖𝑑 =
1
𝑛𝑅

�𝑋𝑖𝑑ℎ
ℎ∈𝑅

 

 

The range threshold temperatures were chosen to capture the best predictive models.  

 

Time period.   It is possible, that the impact of temperature on lung function takes 

longer than one day to produce a measureable change. Therefore, we averaged the 

daily exposure measures over a range of time periods preceding each lung function 

measurement.  The outdoor models mostly used a lagged exposure window where, for 

example, the exposure at lag 3 to 7 days is the average exposure measured over the 

3rd, 4th, 5th, 6th and 7th days before the outcome event.  However, we used a full 

average over all of the preceding 𝐿 days, (i.e. where 𝐿 is 7 we average the chosen 

daily exposure measure over the 0th,1st, 2nd, 3rd, 4th, 5th, 6th and 7th days preceding 

the outcome). This average was chosen because we felt this was more biologically 
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plausible than the window method used in the outdoor studies. In order to ensure that 

the exposure precedes the outcome, we only used the data until 8am for day 0. 
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Figure 6-1 shows for illustrative purposes the data for a single child, collected during 

the study, and includes the health outcome and various bedroom temperature 

measurements. The PEFR line is the PEFR morning measurement from each day, 

where this was recorded. The gaps indicate unrecorded days. The hourly temperature 

is the temperature in the child’s bedroom recorded every hour. The duration of 

exposure 𝐷𝑖𝑑 line is recorded daily and is the number of hours when the temperature 

was below 𝐻 = 14°C. It is zero when the temperature did not fall below 14°C.   The 

severity score 𝑆𝑖𝑑 is zero, except where the temperature dips below a fixed threshold 

(in this case 𝐻 = 10°C). The average daily temperature 𝐴𝑖𝑑 is the average of all 

temperatures recorded over the day. 
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Figure 6-1:  PEFR morning measurements and selected* exposures for a single child. 
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*In Figure 6-1, the hourly temperature is measured in the bedroom  𝑇𝑖𝑑ℎ(𝑏𝑒𝑑);  the duration 𝐷𝑖𝑑𝐵  of 

hours in the day that the bedroom temperature was less the 14°C;  the severity 𝑆𝑖𝑑𝐵 is the weighted 
average of bedroom temperature for time spent below 10°C; and the average daily bedroom 
temperature 𝐴𝑖𝑑𝐵 . 
 

Statistical Methods. The outcome measures were continuous variables (FEV1 

morning, FEV1 evening, PEFR morning and PEFR evening) for up to 110 days per 

child. In order to capture this repeated measurement for each child, we used a random 

effects structure with hierarchical linear mixed effects model168 to relate each the 

health outcomes to each lagged exposure measure with a random effect term for each 

child.  For each health outcome, we fitted models with the four different types of 

hourly measure (bedroom, living room assumed personal exposure and difference), 

three different daily aggregates (severity, duration and average), and 15 different 

averaging periods 𝐿 =  0- 14 days.  Models were compared to identify those with the 

best fit indicated by the lowest value of the Akaike Information Criterion (AIC).169   

The mean level of the outcome over all time periods was included as an explanatory 

variable for each child, removing the effects of time-invariant child-level explanatory 

variables (such as age, sex and SES) on the model fit.  For this reason, none of these 

explanatory variables are included in the model.  All models were fitted using the R 

software (version 2.10.1). 92 

6.4 Results 

There were 409 households in the study, with a total of 1.27 million hourly 

temperature measurements (620,000 in the living room).  There were 12,049 PEFR 

observations from 309 children, where we had at least 10 separate PEFR morning 

measures and for which we also had the previous fourteen days’ temperature 

measurements.   
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Figure 6-2: Boxplot of the AIC scores for models of PEFR morning with duration, severity and 
average for exposure to bedroom (B) living room (L) assumed personal exposure (A) and 
difference (D).  There are 135 models (9 temperature thresholds by 15 time periods for the 
averaging window) for duration and severity by each hourly measurement, and 15 models (one 
for each time lag) for the average exposure by each hourly measurement.   
 

Figure 6-2 shows the boxplots of the AIC scores of each fitted model, for the PEFR 

morning outcome, classified by hourly measurement type (B/L/A/D) and aggregator  

method (D/S/A).  Smaller AIC values indicate the models with greater explanatory 

power.   From Figure 2 it is clear that severity of exposure has a stronger association 

with PEFR morning than either duration or average exposure. For the location of 

measurement it is clear that the difference measure (D) is the worst at explaining 

PEFR, whilst living room (L) is not as good as either the bedroom (B), or assumed 

personal exposure (A), both of which gave similar results.   In 52% of models, 

temperature was significantly associated with PEFR at the 0.1 significance level, in 
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46% of the models at the 0.05 significance level, in 35% at the 0.01 level and in 28% 

at the 0.001 level. 

 
Figure 6-3: AIC score for models predicating PEFR by severity of exposure with the length of the 
averaging window of 0 to 14 days and cut-off temperature of 6°C to 14°C.  The numbers on each 
curve indicate the threshold temperature that was used.  
 

Restricting our attention to hourly measurements from the bedroom and with severity 

as the aggregator, we compared models by the severity threshold temperature and the 

numbers of days over which the exposure measure was averaged (Figure 6-3). The 

models using 9° or 10°C as a threshold and an averaging window of 6 to 12 days in 

length had the lowest AIC scores and the best individual model was the one that used 

9°C as the threshold and a 12-day rolling average window. 
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Table 6-1: The final models with best predictive capability together with estimated parameters 
 
Outcome Time of 

measurement 
Aggregator Hourly 

measurement 
Threshold 
°C 

Length of 
averaging 
window 

Average 
effect of 
constant 
1°C 
increase 
in temp  

P-
value 

PEFR Morning Severity Bedroom 9 12 0.012 10-8 

PEFR Evening Severity Bedroom 9 7 0.009 10-7 

FEV1 Morning Severity Assumed 

personal 

exposure 

11 11 9.67 10-5 

FEV1 Evening Severity Bedroom 10 9 13.74 10-9 

 

In Table 6-1 we show the final model selected for each of the health outcomes, PEFR 

and FEV1 for both morning and evening.  For three of the outcomes, the variable with 

the strongest association was severity of exposure measured in the bedroom at a lag of 

7 to 12 days.  For FEV1, morning severity of exposure (as measured by assumed 

personal exposure with a 11-day averaging window) had a marginally better 

association than bedroom temperature measured over the same period (the reduction 

in AIC was 0.3).  

 

The estimated model parameters show that for every 1°C increase in temperatures 

below the threshold we would expect PEFR to improve by 0.012 L/s in the morning 

and 0.009 L/s in the evening and FEV1 to improve by 9.67 mls in the morning and 

13.74 mls in the evening. 

 

In sensitivity analyses, we found that the variance of the lung function observations 

PEFR and FEV1 is related to the mean and this can be stabilised by taking the cube-

root of lung function.  All models were also fitted using the cube-root of lung 

function, but this did not change the best fitting models. For ease of interpretation of 

the parameter values the models are presented without using such a transformation.  

For comparison with the studies using outdoor temperatures, we also fitted the models 

at lags of 1 day, 1 to 3 days, 4 to 6 days and 7-14 days. Of these the 4-6 days lagged 

averaging window had the strongest association for all outcomes, but was never as 
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good as the average over the previous 0 to 7, 0 to 8, 0 to 9, 0 to 10, 0 to 11 or 0 to 12 

days.   

 

6.5 Discussion 

Bedroom exposure was found to have a stronger association with lung function than 

living room exposure.  It is possible the night-time exposure to colder temperatures 

(common to both the bedroom and assumed personal exposures) that have the greatest 

effect on lung function.  

 

From the bedroom measurements, the measures with the greatest association with 

lung function were severity, or the average exposure below a threshold. The best 

threshold was in the range 9 to 11°C. Outdoor studies have reported that similar 

severity metrics give the strongest association with lung function. However, in the 

outdoor studies, the threshold varied considerably by the method used and in the 

regions studied. For example, some thresholds used were 5.25°C in London142, -

0.46°C in Sofia142, 16.5°C in the Netherlands156 and 18°C in the Eurowinter143 study. 

Curriero et al used a slightly different methodology, but calculated a threshold value 

of 18°C to 27 °C for exposure to cold outdoor temperatures in 11 US cities. Allowing 

for the differences in methodology, our threshold values of 9°C to 11°C are within the 

wide range of values used in the outdoor studies. 

 

We found that lung function had the strongest association with temperature metrics 

defined as the rolling average over a time period of length 7 to 12 days. In general, the 

outdoor studies averaged temperature exposure over the previous day, at lag 1, at lag 

1 to 3 days, at lag 4 to 6 days and at lag 7 to 14 days previously. Of these, the 

exposure at lag 7 to 14 days had the greatest association with health outcomes in most 

studies.137 142 156  Curriero et al., however, found that lag 1 to 3 days had the greatest 

association.139  It is possible that the outdoor studies would have found similar results 

if they had used our method of averaging windows starting from the time of health 

outcome measurement.  When we examined our data with the lags used in the outdoor 

studies, the 4 to 6 day lag had the greatest association.  However none of the models 

with this window gave a better fit than our models using an averaging window of full 
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length between 0-7 and 0-12 days. Our slightly shorter preferred lag could be due to 

the less severe nature of our outcome (decrease in lung function) compared with theirs 

(hospitalisation or mortality). 

 

We found that the changes in temperature are associated with small changes in lung 

function. These changes in lung function are similar to those reported by Donaldson 

and colleagues, who showed a small increase in lung function for patients with 

COPD, when there was a rise in indoor bedroom temperature. 170 Whilst these 

changes are small in a clinical sense, in children with stable asthma symptoms, they 

may be amplified during severe exacerbations and therefore be clinically relevant. 

 

Limitations: Our study has the nature of a hypothesis-generating data-mining 

exercise, and future studies are needed to confirm our findings. The study consisted of 

an exhaustive search of the most plausible models for the association between lung 

function and indoor temperature.  We have reported the best fitting of a large number 

of models, and thus the effect size and significance are likely to be overstated and 

may be entirely artefactual.  However, as airway function and indoor temperatures 

have not been reported before, an exploratory approach was appropriate as an initial 

step. Our primary goal was to describe which metric of indoor temperature had the 

strongest association with lung function, rather than specifically examine the size of 

the effect. Data on relative humidity, a potential confounding factor, were not 

collected. There were also limited data collected on air pollution (only one 

measurement of nitrogen dioxide every 4 weeks). When this measure was included as 

an explanatory variable in the models, the effect size and order of significance of 

temperature was unchanged, suggesting that air pollution is unlikely to be a 

confounder of the relationship between temperature and lung function.  

 

This chapter contributes to the growing body of literature demonstrating that while 

both the indoor and outdoor environment play important roles in public health, the 

indoor environment is more amenable to public health interventions. The WHO noted 

that “improvement of the indoor climate of dwellings is recognised as an efficient 

means of secondary prevention of acute respiratory infection.”159  

 
Implications: This chapter provides important new information regarding the most 
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appropriate metric for exposure measurement to guide future studies on the health 

effects of indoor temperature.  Better metrics for measuring indoor temperature 

exposure will help guide the health benefits which will be realised from such 

interventions. Simply using the current or previous day’s average temperature is not 

optimal for explaining the relationship between indoor temperature and lung function.  

Instead, we suggest better metrics of indoor temperature that are similar to those used 

for outdoor studies. If confirmed, these results also suggest that the heating of a 

child's bedroom above a minimum level may be a useful public health intervention. 

 

6.6 Key points of Importance from this Chapter for the 
Project 

In this chapter, we have shown how there are many metrics of temperature that can be 

used. Of these, the ones with the greatest association with respiratory health are the 

average exposures to temperatures less than about 9 to11°C in the child’s bedroom 

over the previous 7 to 12 days. As we wish to use the relationship between 

temperature and asthma symptoms in later chapters, we measure temperature as the 

average exposure to temperature of less than 11°C in the child’s bedroom. (The lag is 

not needed as in the later model we have only one health outcome per year). 

This chapter concludes our background exploration of the Heating Study data, in the 

next three chapters we seek to use this knowledge to help build the models outlined in 

the framework of Chapter Three. 

  



109 
 

Part 3: The Models 

  
The first part of the project we briefly describe three new methods: 1) the dummy 

outcome method, in which a dummy outcome is used to estimate the placebo effect; 

2) the proxy method, in which a proxy variable is used to replace the placebo 

susceptibility; and 3) the measured intermediate variables method in which 

measured intermediate variables are used to estimate the true effect of the 

intervention. 

 

In the second part, we showed the basic analysis of the Heating Study and explored 

the mechanisms of NO2 and Temperature in more detail. 

 

In this the third part of the project, Chapter Seven, Eight and Nine. We fit the model 

presented in Chapter 3. Firstly in Chapter Seven we use simulated data to examine 

each method. This allows us to see how the methods perform under known levels of 

the placebo effect. In Chapter Eight the basic models from Chapter Three are applied 

to the Heating Study data, including the measurement of NO2 and Temperature 

developed in Chapters 4 and 5, to give relatively simple models that estimate the 

placebo effect in the Heating Study. In Chapter Nine we present our final models. In 

this chapter, we use a Bayesian framework to combine our three new methods and 

develop the two final models that were suggested by the framework in Chapter Three.  

One of these is used to give a causal estimate the placebo effect in the Heating Study 

and the other models our complete representation of participant-unblinded 

randomised control trials. 
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7 Simulation  

7.1 Introduction 

In Chapter Three we presented a framework of how we proposed to model causality. 

In that framework we noted three key approaches used. These were the susceptibility 

approach, the dummy variables approach, and the measured intermediate variables 

approach. For each of these approaches, we showed how estimators of the causal 

effects can be derived. 

In this chapter, for illustrative purposes, we simulate data that includes known 

intervention and assignment effects and then investigate the estimators from these 

three basic models. The goal of this is to illustrate how the proposed estimators of the 

intervention and assignment effects are changed by varying the known intervention 

and assignment effects. We also compare the estimators from each approach with the 

estimator from the ITT approach. This illustrates how these approaches improve on 

the ITT model, which is the current standard model for estimating treatment effects in 

participant-unblinded RCTs.    

7.2 The Susceptibility Approach 

Concept: As we noted earlier the susceptibility to the assignment effect is likely to 

vary in strength between individuals.44 45 In the case of the Heating Study, if this 

susceptibility is driven by a belief that changes in the home environment affect 

asthma, then it is plausible to assume that some people will hold this belief more 

strongly than others, leading to different behaviours. Whilst this susceptibility itself is 

an unmeasured variable, it may be possible to find a measured variable that is 

correlated with the assignment susceptibility.49 If we can find such a measured 

variable, then we can use it to give an indication of the strength of the susceptibility, 

by contrasting the responses from those subjects with a strong propensity to 

assignment susceptibilities, with the responses from subjects with a weak propensity. 

We call such a variable a ‘proxy variable’, as it will act as a proxy or surrogate for 

measuring the degree of susceptibility. 
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Figure 7-1: Conceptualisation DAG of Susceptibility approach  
 

 
 

 

 

Figure 7-1 is a causal diagram that describes the variables used by the susceptibility 

model. In addition to our standard model, where the health outcome Y is affected by 

an intervention effect Z and susceptibility X, we also have a measured proxy variable 

S which is related to X. Here we have assumed that S has no relation with Y, other 

than through X. In general, this needs to be true only after adjustment for the baseline 

measure of the health effect (prior to randomisation), Y-1. As in Chapter Three, Y-1 is 

excluded in this chapter for ease of representation. 

 

 

Let us look at the simplest possible case of susceptibility, where the susceptibility is a 

simple binary variable (one either is susceptible or not) and the measured proxy S is 

also binary. In this binary case, we will define the joint distribution of the measured 

proxy and the susceptibility variable as in Table 7-1. 

  

X Z 

Y 

S 
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Table 7-1: Joint distribution of assignment susceptibility (X) and proxy (S). 

P𝑠𝑥 = 𝑃(𝑆 = 𝑠,𝑋 = 𝑥) Assignment  
Susceptibility X =1 

 
0 

Proxy     S     =1 P11 P10 
                              0 P01 P00 
With ∑ 𝑃𝑠𝑥𝑆=𝑠,𝑋=𝑥 = 1. 

In our example of the Heating Study, one possible type of underlying susceptibility 

would come from a belief that changes to the home environment affect asthma. A 

plausible and measureable proxy for the existence of this belief is reported changes 

made to the home environment due to asthma; for which data was collected at 

baseline. Our assumption is that participants who have made changes to their home to 

improve their child’s asthma symptoms are more likely to believe that changes to the 

home environment affect asthma symptoms. Hence this measure is likely to be a good 

proxy for the assignment susceptibility.  

 

In order to investigate how the susceptibility approach works under various 

assumptions, we carry out simulations. As we are running a number of simulations in 

this chapter, choices 1-6 below are common to all simulations: 

 1) We choose to specify that there is no intervention effect on the health outcome for 

the control group. i.e. βC = 0; 

 2) We choose, that those individuals with placebo susceptibility only show a response 

when in the intervention group and that those who are susceptible, but in the control 

group, show no effect. i.e. γC =0 and γ = γT;  

3) We also choose a balanced design, so as all subgroups i.e. intervention/control and 

susceptible/not susceptible, have equal numbers (100 in each); 

4) Where the proxy is used, we also assume that the rate of false positives and false 

negatives in the proxy’s prediction of the susceptibility are equal i.e. in Table 7-1, P11 

= P00 and P10=P01. Which implies P11 + P01= 1
2
; 

5) We choose to have all outcome variables as binary. Although the simulations can 

be generalised to other distributions, we will only deal with the binary case here; 

6) The baseline health outcomes from the previous year are omitted here to make the 

examples clearer. 
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In these simulations, we set the value of all the parameters in Figure 7-2 and look at 

how changes in these parameters affect our estimates. This is especially useful to see 

how changes in the strength of the assignment effect and 𝑃11
𝑃11+𝑃10

 the positive 

predictive value of the proxy for susceptibility change our estimates. This is because 

in the simulated data these parameters are known, where in real data these parameters 

are unknown.  
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Figure 7-2: A diagram showing how the data is simulated for the susceptibility approach 
 

 

 
 
Figure 7-2 shows how the data are simulated for the susceptibility approach. In our 

simulation population of 400 we have four groups of 100 each. These groups are as 

follows: 

1) Those in the intervention group and susceptible to the assignment effect: For 

this group we simulate a binary health outcome (Yi) with logit (pi)= μ0 + βT +γ, as 

they are affected by both intervention (by βT) and assignment effects (by γ). For this 

group we also simulate values of the proxy measure given they are susceptible. 

Therefore the value of the proxy measure for susceptibility to the assignment effect 

for this group has a mean of A11/(A11+A01). 

Intervention (Zi =1) 
N =200 

Control (Zi =0) 
N=200 

Susceptible (X=1) 
N=100 

Not susceptible (X=0) 
N=100 

 

βT  βC =0 

γ1T=γ γ0T =+0 γ1C =+0 γ0C =+0 

Yi ~ Bernoulli(μ0 + βT +γ) 
Si ~ Bernoulli((A11/(A11+A01)) 

Yi ~ Bernoulli(μ0 + βT) 
Si ~ Bernoulli(A10/(A10+A00)) 

Yi ~ Bernoulli(μ0) 
Si ~ Bernoulli((A11/(A11+A01)) 
 

Yi ~ Bernoulli(μ0) 
Si ~ Bernoulli((A10/(A10+A00)) 
 

Susceptible (X=1) 
N=100 

Not susceptible (X=0) 
N=100 

 

Baseline μ0 
N=400 
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2) Those in the intervention group but not susceptible to the assignment effect: 

For this group we simulate a binary health outcome Yi with logit(pi)= μ0 + β as they 

are affected by the intervention effect, but not the assignment effect.  For this group, 

we also simulate values of the proxy measure, given they are not susceptible and 

therefore, the proxy for this group has a mean of A01/(A11+A01). 

 

3) Those in the control group, who are susceptible: For this group we simulate a 

binary health outcome Yi with logit(pi)= μ0 as they have no intervention effect and do 

not have the assignment effect, because they are in the control group. For this group 

we also simulate values of the proxy measure, given they are susceptible and 

therefore, the proxy for this group has a mean of  A11/(A11+A01). 

 

4) Those in the control group and not susceptible: For the last group, we simulate a 

binary health outcome Yi with logit(pi) = μ0 as they have no intervention effect and do 

not have the assignment effect.  For this group we also simulate values of the proxy 

measure, given they are not susceptible. The proxy for this group has a mean of  

A01/(A11+A01). 

 

To understand what these parameters mean, we imagine a variation of the Heating 

Study where we have 400 participants, the intervention is the provision of a new 

heater and 200 participants are in the intervention group.  Participants are susceptible 

to an assignment effect if they believe that making changes to the house will improve 

health and 200 people have this belief.  Furthermore, those who have this belief are 

more likely to have previously made changes to the house in order to prevent asthma – 

the proxy measure for assignment susceptibility.  

 

Then given the assumptions listed above: 

• μ0 is the baseline rate of asthma symptoms; 

• β is the effect of installing the heater on asthma symptoms; 

• X is belief that changes made to the house will improve health;  
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• γ is the assignment effect on asthma symptoms from believing that changes 

made to the house will improve health, i.e. (those who believe in the 

intervention get this extra health effect); 

• S is the measured proxy variable. In this case we would use the number of 

prior changes made to the house for asthma, (this should be correlated with 

X); 

• Y is the health outcome of asthma symptoms. 

 

 

From these simulated data, we can examine two models. 

The first is the simple ITT model from Section 3.4. This estimates β as the difference 

between the mean of the control and treatment groups, or ΔηY. We will call this 

estimator �̂�(ITT).  

  

The second model is the susceptibility model (Figure 7-3).  

 

�̂� (𝑆𝑢𝑠𝑐𝑒𝑝𝑡𝑖𝑏𝑖𝑙𝑡𝑦) = ∆�̂�𝑌(𝑆0) = �̂�𝑌 + 𝛾�𝑌𝑆0 

and 

�̂�(𝑆)(𝑆𝑢𝑠𝑐𝑒𝑝𝑡𝑖𝑏𝑖𝑙𝑡𝑦) = ∆�̂�𝑌 − ∆�̂�𝑌(𝑆0) =   𝛾�𝑌𝑆 + 𝛾�𝑌𝑆0 
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Figure 7-3: The Susceptibility Model. 
 

 
 
The right side of Figure 7-3 shows the susceptibility model, with binary Y.  This 

model can be written as. 

Y~ Bernoulli (pi) 

Logit (pi) = 𝜇𝑌 + 𝛼𝑌𝑆 + 𝛽𝑌 𝑍 + 𝛾𝑌𝑆:𝑍 

And the estimators 

�̂� (𝑆𝑢𝑠𝑐𝑒𝑝𝑡𝑖𝑏𝑖𝑙𝑡𝑦) = ∆�̂�𝑌(𝑆0) = �̂�𝑌 + 𝛾�𝑌𝑆0 

and 

�̂�(𝑆)(𝑆𝑢𝑠𝑐𝑒𝑝𝑡𝑖𝑏𝑖𝑙𝑡𝑦) = ∆�̂�𝑌 − ∆�̂�𝑌(𝑆0) =   𝛾�𝑌𝑆 − 𝛾�𝑌𝑆0 

 

Clearly these estimators are easy to calculate when S0 = 0, which because of our 

assumptions is the case here. In general, if S0 is known or assumed, we would choose 

to transform S, in such a way that S0 equals zero. 

 

To distinguish the model estimates from the underlying true values in terms of our 

notation, we will use, �̂�(ITT) to denote respectively the estimator of β from the ITT 

model and, �̂�(𝑆𝑢𝑠𝑐𝑒𝑝𝑡𝑖𝑏𝑖𝑙𝑡𝑦), A�(S)( 𝑆𝑢𝑠𝑐𝑒𝑝𝑡𝑖𝑏𝑖𝑙𝑡𝑦) to denote the estimator for β and 

A(S) from the susceptibility model. Because A�(S)( 𝑆𝑢𝑠𝑐𝑒𝑝𝑡𝑖𝑏𝑖𝑙𝑡𝑦) depends on S and 

S can take two values 0 or 1, there are two possible values of 

A�(S = 0) (𝑆𝑢𝑠𝑐𝑒𝑝𝑡𝑖𝑏𝑖𝑙𝑡𝑦) and   A�(S = 1)(𝑆𝑢𝑠𝑐𝑒𝑝𝑡𝑖𝑏𝑖𝑙𝑡𝑦). In this model as we have 

set S0 = 0 and A(S0)=0, then A� (S = 0)(𝑆𝑢𝑠𝑐𝑒𝑝𝑡𝑖𝑏𝑖𝑙𝑡𝑦)=0 so we only report A�(S =

1)(𝑆𝑢𝑠𝑐𝑒𝑝𝑡𝑖𝑏𝑖𝑙𝑡𝑦), 

X Z 

Y 

S 
X Z 

Y 

S 

Simulation Fitted 
Model 
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and clearly from the above equations A�(S = 1)(𝑆𝑢𝑠𝑐𝑒𝑝𝑡𝑖𝑏𝑖𝑙𝑡𝑦) = 𝛾�𝑌. 

 

With repeated runs of the simulation model, the structure of which is shown in Figure 

7-2, we can examine how the parameter estimates �̂� (ITT) �̂�(𝑆𝑢𝑠𝑐𝑒𝑝𝑡𝑖𝑏𝑖𝑙𝑡𝑦), and 

�̂�(𝑋)(𝑆𝑢𝑠𝑐𝑒𝑝𝑡𝑖𝑏𝑖𝑙𝑡𝑦) vary given 1000 runs of the simulation. The results are 

presented in Figure 7-4. 

 

Note that for the following example, we chose to set the values for μY, α, β, γ, A11 and 

A01, as follows:  

 

i) We set μY, to be 0, i.e. as 𝑙𝑜𝑔𝑖𝑡−1(0) =  1
2
 in the natural population the 

health outcome is presented in half the population. 

ii) β (the true effect of the intervention) is set to have a log odds ratio of -0.5. 

As μY =0, this corresponds to reducing the frequency of the outcome by 

0.1225.  

iii) γ the assignment effect is set to have a log odds ratio of -0.5 for those 

susceptible in the intervention group.  

iv) From the Figure 7-2, we can see that there is no direct effect of S on Y, 

hence α = 0. 

v) P11 is the probability of having both susceptibility to the assignment effect 

and a positive proxy measurement. We set this at 0.375, once P11 is set, the 

values P00 =0.375 and P01=P10=0.125 are also set by the choice outlined 

earlier. This means that the proxy will correctly predict the assignment 

susceptibility 75% of the time. 
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Figure 7-4: The variation in estimators from the susceptibility model from 1000 simulation runs 
 

   
*The true values used in the simulation are illustrated by the blue lines 
 
Table 7-2: Results of 1000 simulations of the susceptibility approach 
Parameter Model True 

Value 
of 

param
eter 

min 25% Median mean 75% Max 

�̂� ITT -0.5 -1.39 -0.87 -0.74 -0.74 -0.63 -0.14 
�̂� Susceptibility -0.5 -1.61 -0.80 -0.62 -0.61 -0.42 0.78 
𝛾�𝑌 Susceptibility -0.5 -1.88 -0.56 -0.27 -0.27 0.03 1.19 

 
 

Figure 7-4 and Table 7-2 show the results of the simulation. These show that for the 

simulated data represented by Figure 7-2, then on average �̂�(ITT) is a 48% 
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overestimate of the true value of β.  When the proxy variable is included in the model, 

the bias of the new estimator �̂� (Susceptibility) is reduced to an overestimation of 

24%. In ITT model A(S) the assignment effect cannot be estimated. In the 

susceptibility model we estimate A(S) by�̂�(𝑆) =   𝛾�𝑌𝑆 − 𝛾�𝑌𝑆0 . This can be 

calculated for all levels of S. In this example we have two values for S zero and one. 

We have chosen S=0 as the S0 level of S so by assumption A(S=0) =0. When A(S=1) 

is estimated in the susceptibility model by the estimator �̂�(𝑆 = 1) its mean estimate 

of -0.27 is almost half the true value, which is −0.5. Therefore, using the 

susceptibility model instead of the ITT model usefully reduces the bias in the estimate 

of β, but �̂�(𝑆 = 1)(Susceptibility) is still less than half of the true value of A(S=1). 

 

The simulation above gives a useful insight into the spread of the parameters for a 

fixed relationship between the proxy and unmeasured susceptibility (Table 7-1). Of 

course in real life, the strength of this relationship will be unknown. In Figure 7-5 we 

next run the simulation across the range of possible values for this relationship to see 

how this parameter affects the mean values of the estimates as calculated in Table 7-2. 
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Figure 7-5: Mean parameter estimates from the ITT and proxy models with increasingly better 
predictions of susceptibility by the proxy measure. 
 

 
* The true values of the parameters used in the simulation are given by the blue lines 
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Figure 7-5, shows us the variation in the mean values of the estimates for �̂�(ITT), 

�̂�(Susceptibility), and �̂�(𝑆 = 1)(Susceptibility) as the positive predictive value of the 

proxy measure changes. The range of change in the positive predictive value  shown 

here is from being S is independent of the true underlying assignment susceptibility  

(proxy equals susceptibility 50% of the time),  to S  is a perfect predictor of the true 

underlying assignment susceptibility (proxy equals susceptibility 100% of the time). 

Changing this relationship has no effect on β� (ITT), as we expect, because the proxy 

is not present in the ITT model. We can also see that �̂�(Susceptibility) decreases 

linearly with increasing correlation of the proxy and assignment. In summary, �̂� 

(Susceptibility) varies from being only as good as �̂�(ITT) in predicting the true β, 

when the proxy is independent to susceptibility, to being an unbiased predictor of β, 

when the proxy is a perfect predictor for susceptibility.  This linear reduction in bias 

can also be seen in the estimated size of assignment effect �̂�(𝑆 = 1) (Susceptibility) 

that tends towards the true value of γ as the correlation improves. However, if we 

allow the proxy to be a worse predictor of the susceptibility than random chance, then 

the linear pattern continues and �̂� (Susceptibility) is more biased than �̂� (ITT).  

 

Another important influence on the estimators is the relative strength of the 

assignment effect A(S) itself. So we vary the strength of the true assignment effect (γ 

in Figure 7-2) from 0 to twice the strength of the intervention effect (γ=1 ,βT = -0.5). 

The following simulations are run with P11 = P00 =0.375 and P01 = P10 = 0.125 (or 

75% positive predictive value of assignment susceptibility by the proxy (as previously 

in shown Figure 7-4).  
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 Figure 7-6: Changes in the estimators with increasing strength of the assignment effect relative 
to the intervention effect. 
 

  
*The true values used in the simulation are given by the blue lines 
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Figure 7-6 represents the mean estimators from the simulations in which, we hold the 

correlation between the proxy and susceptibility constant and vary the strength of the 

assignment effect (γ in Figure 7-2). Here we can see that increasing the true 

assignment effect has a much larger impact on the estimate �̂�(ITT), compared to 

�̂�(Susceptibility), which has a much slower increase in bias.  

It is also clear that �̂�(𝑆 = 1) (Susceptibility) increases with the assignment effect γ , 

but only partially captures the assignment effect, because S is not perfectly correlated 

with the assignment susceptibility. This figure shows the benefit of this estimation 

approach for reducing the bias in the estimator of the effect of the intervention when a 

large placebo effect is present. 

 

In summary, these simulations illustrate that including a proxy variable for 

assignment susceptibility in our models reduces the bias in the estimators of the 

intervention effect in participant-unblinded RCTs. Furthermore choosing a better 

proxy will lead to more accurate estimates of the true intervention effect.  

 

7.3 Assumptions and Limitations of the Susceptibility 
Approach 

The unmeasured susceptibility X is an abstract concept. We are postulating a quality 

that may be multivariate and complex, but which describes behaviours associated with 

differing health outcomes, depending only on the assigned experimental arm 

(treatment or control). As S is a proxy for such a variable it may well have inherited 

these complex properties making a proxy difficult to choose. Further difficulties arise 

from the fact that we are unable to test the extent to which S is a good proxy. The 

choice the variable S depends on what is known, or can be inferred about the 

assignment effect, in a particular setting. In general, the following assumptions will be 

needed: 

1) We assume a proxy can be found. This may not always be the case. 

2) We assume that S and Z are independent. This assumption is important because if S 

and Z are correlated then the relationship between S and Y may be confounded by Z. 

If S is measured before the randomisation is carried out (or before study changes are 
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made). This means it is best to choose a combination of baseline characteristics as a 

proxy.  

 
 
 
Limitations of the susceptibility approach 
 

The susceptibility approach has three main limitations: 

1) Finding the proxy requires that we have a good knowledge of assignment 

susceptibility. If we do not know what the assignment susceptibility is, and how it is 

likely to work, we will be unable to find an adequate proxy. 

2) It cannot be known how well the proxy correlates with the susceptibility. Hence we 

will not know how much bias remains. 

3) In these simulations, we had a known value for S0. From Chapter 8, we see that 

such a value is not always obvious. 

 

A more detail discussion of the assumptions of the susceptibility approach in the 

Heating Study is given in Section 8.9  

7.4 The Dummy Approach 

In the Chapter 4 we noted how in the Heating Study we measured four ‘dummy’ 

outcomes: diarrhoea, vomiting, ear infections and twisted ankles, on which we 

hypothesised that the new heaters have no effect. We reported the observed changes 

in these outcomes as estimates of the assignment effect. In this project we take this 

idea, to use a ‘dummy’ outcome in order to quantify assignment effects, a bit further. 

 

Firstly, we define a ‘dummy outcome’ as an outcome for which we hypothesise that 

the intervention has no effect. In particular, the mechanisms through which the 

interventions affect the health outcomes should not affect the dummy outcomes. This 

means we can set the effect of the intervention on the dummy outcome to be zero. We 

further assume that the assignment effect has the same effect on dummy outcomes as 

it does on the health outcomes. This means that when we are studying the dummy 

outcomes, we effectively have a sub-study in which the intervention has no effect and 

hence in the language of Hröbjartsson is a “placebo intervention”.11-13  
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In Chapter 3 we distinguished the models for the dummy outcomes (D) from the 

models for the health outcomes Y by using the subscript D.  In Section 3.9 to use the 

information from the dummy outcomes in the model for the health outcome we make 

the key assumption that γY=γD=γ, i.e. the modification of risk (for the binary 

outcomes) caused by the assignment effect is the same for both Y and D.   This 𝛾 is 

the same assignment effect on the same people, at the same time, with the same 

intervention, on different outcomes. For comparison, the assumption in a gold 

standard double-blinded RCT is that assignment effects are the same between the 

treatment and control groups; or it is the same assignment effect, on different groups 

of the same population, at the same time, with a similar ‘looking’ intervention, on the 

same outcome. Another comparison is with Horbjartsson’s assumption in meta-

analysis of “placebo interventions”, which assumes assignment effects are equal, in 

different groups, at different times, with different looking treatments (all are inactive), 

on different outcomes.11 

 

In order to see what happens when our assumptions truly hold, we simulate data for D 

and Y. In order to do this we have chosen to simulate from models with a set constant 

assignment effect.  

 

Y~Bernoulli (pi) 

Logit(pi) = 𝜇𝑌 + 𝛼𝑌𝑋 + 𝛽𝑌 𝑍 + 𝛾𝑌𝑋:𝑍 

with μY = 1, αY=0, βY = -0.5, 𝛾𝑌 = −0.5 

D~Bernoulli (qi) 

Logit(qi) = 𝜇𝐷 + 𝛼𝐷𝑋 + 𝛽𝐷 𝑍 + 𝛾𝐷𝑋:𝑍 

with μD = 3/4, αD=0, 

 and by assumption we set βD =0 and 𝛾𝐷 =  𝛾𝑌 = −0.5 

 

We have also chosen for convenience to make X binary and simulate four evenly 

sized groups of 100 each for [Z=1, X=1], [Z=1, X=0], [Z=0,X=1] and [Z=1, X=0]. 
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Figure 7-7: A diagram of the data draw for simulation of the dummy outcome approach 
 

 
 

 

Once the data are simulated by Figure 7-7, we model the data as shown in section 3.9 

and Figure 7-8. 

 

 

 

 

 

 

Intervention (Zi =1) 
N =200 

Control (Zi =0) 
N=200 

Susceptible (X=1) 
N=100 

Not susceptible (X=0) 
N=100 

 

βT =β βC =0 

γ1T=γ γ0T =+0 γ1C =+0 γ0C =+0 

Yi ~ Bernoulli(ηY = μY + βT +γ) 
Di ~ Bernoulli(ηD = μD + γ) 

Yi ~ Bernoulli(ηY = μY + βT) 
Di ~ Bernoulli(ηD = μD) 
 

Yi ~ Bernoulli(ηY = μY) 
Di ~ Bernoulli(ηD = μD) 
 

Yi ~ Bernoulli(ηY = μY) 
Di ~ Bernoulli(ηD = μD) 
 
 

Susceptible (X=1) 
N=100 

Not susceptible (X  
N=100 

 

Baseline μY, μD   (N=400) 
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Figure 7-8: The Simulation and Model for the dummy approach 
 

 
To estimate β(𝐼𝑇𝑇) we use ΔηY from the generalised linear model: 

 Y ~ Bernoulli (p) 

Logit (p) =  𝜂𝑌 = 𝜇𝑌 + 𝛽𝑌 𝑍 

and use the estimated �̂�𝑌 as Δ�̂�Y. 

 

 

Similarly, to estimate ΔηD we use the generalised linear model with: 

Y ~ Bernoulli (q) 

Logit (q) = 𝜇𝐷 + 𝛽𝐷 𝑍 

and use the estimated �̂�𝐷 as Δ�̂�D. 

 

In Section 3.9 we saw how the estimate of the effect of the intervention from the 

dummy outcome model: 

 

�̂� (𝐷𝑢𝑚𝑚𝑦) = ∆�̂�𝑌 − ∆�̂�𝐷 = �̂�𝑌 − �̂�𝐷 

and �̂�(𝐷𝑢𝑚𝑚𝑦) = ∆�̂�𝐷 =  �̂�𝐷 

The estimates �̂�(𝐼𝑇𝑇), �̂� (𝐷𝑢𝑚𝑚𝑦) and �̂�(𝐷𝑢𝑚𝑚𝑦) from 1000 simulated runs are 

shown Figure 7-9. 

  

Z

YY DD 

Z 

Y D 

X 

Simulation Fitted 
Model
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Figure 7-9 The estimators from the ITT and Dummy models from 1000 simulated runs 
 

 
*The true values of the parameters are given by the blue vertical lines. 

Figure 7-9 shows that as we had stated in Chapter 3 the estimator �̂�(𝐼𝑇𝑇) is biased, 
but �̂� (𝐷𝑢𝑚𝑚𝑦) is an unbiased estimator. 
 

As discussed in Chapter Four, in the Heating Study four such dummy outcomes are 

available: diarrhoea, vomiting, ear infections and twisted ankles, on which we 

hypothesise that the intervention (new heaters) will have no effect. 

 

In the example of the Heating Study, a health outcome of interest is cough and a 

dummy outcome is diarrhoea. We make the assumption that the assignment effect A 

is the same for both outcomes and we then calculate �̂� from the contrast between the 
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treatment and control arms when diarrhoea is the health outcome. We can use this to 

adjust the estimator of �̂� for cough, to get an unbiased estimate of effect of the 

intervention on the cough. 

 

7.5 Assumption and Limitations of the Dummy Outcome 
Approach 

This approach assumes that the assignment effect is consistent across both the health 

outcomes and dummy outcomes. Whilst this is a very strong assumption, it is similar 

to the weaker assumptions commonly made in reviews of the assignment effect; 

which assume the assignment effect is homogeneous across studies11 and  similar to 

the plausible assumption in a double-blinded RCT, that the placebo effects are the 

same in the treatment and control groups. In Chapter Eight we test this assumption. 

The other assumption is that the dummy variables are not affected by the main 

mechanisms through which the intervention is thought to affect Y. 

  

While finding a perfect dummy outcome can be difficult, in practice any outcome, 

where the effect of the intervention on the dummy variable is small relative to the size 

of the assignment effect, is likely to have a similar assignment effect and would 

suffice.  

 

The advantages of the dummy outcome method are: 

1) That method can be cheaply implemented in any setting where an appropriate 

dummy can be identified. 

2) The similar assumptions to those needed for this method are already  used in 

the literature.   

 

  

 The ethical considerations of this approach do need some consideration. To use the 

dummy outcomes method, it is necessary that the participants believe (falsely) in the 

efficacy of the intervention with respect to the dummy outcome. How does this sit 

with the requirement of fully informed consent? 
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The assumptions and limitations of the dummy approach are detail with in more detail 

in Chapter Eight 

7.6 The Measured Intermediate Variables Method 

As we note in the introduction, most interventions can be envisaged as working 

through specific effects (for example temperature and nitrogen dioxide in the Heating 

Study) and non-specific effects (for example hope and expectation). In Section 3.10, 

we showed how the intervention can be thought of as acting through intermediate 

variables (both measured and unmeasured); in the Heating Study, the main 

mechanisms are temperature and nitrogen dioxide, through which the intervention 

acts are measured. These main specific effects/mechanisms are intermediate in the 

causal pathway between the intervention and the health outcome and hence we refer 

to them as measured intermediate variables. If we estimate the change in the measured 

intermediate variables caused by the intervention and the change in the health effects 

caused by these measured intermediate variables, we can then combine these 

estimates to get an estimate of the causal effect of the intervention, through the 

measured intermediate variables or specific effects. 

 

In the simplest possible intermediate measured variables model, we have only two 

effects, which are: i) the measured intermediates MY, which we take as the main direct 

effect of the intervention; and, ii) the unmeasured and other intermediate variables U, 

which we take as assignment effect only. This representation is given in Figure 7-10. 

 
Figure 7-10: Conceptualisation of the measured intermediate variables model. 
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Figure 7-10 shows a DAG for the case where there are only two factors affecting 

health M and U. There are now three outcome variables and hence three linear 

predictors:  

 

𝜂𝑌 = 𝜇𝑌 + 𝜆𝑌𝑈 + 𝜅𝑌𝑀𝑌 

𝜂𝑀𝑌 = 𝜇𝑀𝑌 + 𝛼𝑀𝑌𝑋 + 𝛿𝑀𝑌  𝑍 + 𝛾𝑀𝑌𝑋:𝑍 

𝜂𝑈 = 𝜇𝑈 + 𝛼𝑈𝑋 + 𝛿𝑈 𝑍 + 𝛾𝑈𝑋:𝑍 

 

In this simulation, we choose to make some simplifications. These would not be the 

case in real data. We set the population size at 400 and the size of the intervention and 

control groups to 200 each. In real studies, sample sizes are driven by practical 

considerations and power calculations. 

 

We choose to set X=1, this means everyone in the study is susceptible and has the 

same assignment susceptibility. As we have noted before, this is not the case in real 

life, but it adds clarity to the simulation. 

 

We choose to have Y~ Bernoulli(p) 

With Logit (p) = 𝜂𝑌 = 𝜇𝑌 + 𝜆𝑌𝑈 + 𝜅𝑌𝑀𝑌 

and 𝜇𝑌 = 0 , 𝜆𝑌 = 0.71 𝑎𝑛𝑑 𝜅𝑌 = 0.71 

X Z 

Unmeasured 
and other 
variables U 
 

 

Measured  
Intermediate 
Variables MY 

Y 
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We choose to have MY ~ Normal (𝜂𝑀𝑌 ,1) 

With 𝜂𝑀𝑌 = 𝜇𝑀𝑌 + 𝛼𝑀𝑌𝑋 + 𝛿𝑀𝑌  𝑍 + 𝛾𝑀𝑌𝑋:𝑍 

and 𝜇𝑀𝑌 = 0, 𝛼𝑀𝑌 = 0, 𝛿𝑀𝑌 = −0.71 and 𝛾𝑀𝑌 = 0 

 

We choose to have U ~ Normal (𝜂𝑈,1) 

With 𝜂𝑈 = 𝜇𝑈 + 𝛼𝑈𝑋 + 𝛿𝑈 𝑍 + 𝛾𝑈𝑋:𝑍 

and 𝜇𝑈 = 0, 𝛼𝑈 = 0, 𝛿𝑈 = 0 and 𝛾𝑈 = −0.71 
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Figure 7-11: A diagram of the data draw for the measured intermediate variables approach  

 
In Figure 7-11 for each simulated individual we assign Zi = 1 for the intervention (200 

such cases) and Zi =0 for the controls (also 200). We then draw MYi ~ Normal(𝜂𝑀 =

𝛿𝑀𝑌𝑍𝑖 + 𝛾𝑀𝑌𝑍𝑖,1) and Ui ~ Normal(𝜂𝑀 = 𝛿𝑈𝑍𝑖 + 𝛾𝑈𝑍𝑖,1).  Finally, we draw Yi 

dependent on the draws for MYi and Ui with Yi ~ Bernoulli (𝜂𝑌 =μY + 𝜆𝑌Ui + 𝜅𝑌 MYi). 

 

In the example of the Heating Study, we can imagine that the heater (intervention) 

only affects health by raising the temperature and NO2 (measured variables) and by 

the assignment susceptibility (non-specific variable). 

 

Intervention 
N =200 

Control 
N=200 

Measured ~ Normal(𝜂𝑀 = 𝛿𝑀𝑌 + 𝛾𝑀𝑌,1) 
Unmeasured ~ Normal (𝜂𝑈 = 𝛿𝑈  +

1) 
 

Measured ~ Normal (0 ,1) 
Unmeasured ~ Normal (0,1) 
 

Yi ~ Bernoulli (𝜂𝑌 = 𝜇𝑌 + 𝜆𝑌𝑈 + 𝜅𝑌𝑀𝑌) 

Baseline μY 
N=400 
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We use the simulations to compare two different models, the measured intermediate 

variables model and the ITT model. 

 
Figure 7-12 The Simulation and modelling using the measured intermediate variables model 
 

 
 
In Figure 7-12, we present the simulation (left) and the models (right) for the 

measured intermediate variables approach. This figure shows that, while the 

simulation uses the variables U they are not used in the models, because in real life 

they would be unmeasured and hence not available for modelling.  

Therefore we construct our models from the measured variables Z, MY and Y. 

 

In Section 3.11 we described the Measured Intermediate Variables approach.  

There are two linear predictors in this approach 

𝜂𝑀𝑌 = 𝜇𝑀𝑌 + 𝛿𝑀𝑌𝑍 

Intermediate 
variables model  

Measured 
variables (MY) 

Simulation 
Run 

Fitted 
Models 

Intermediate 
variables 
Model  

Unmeasured 
variables (U) 
 

Intervention (Z) 
 

Unmeasured 
variables (U) 
 
 

Measured 
variables (MY) 

Health outcome (Yi) 

Intervention (Z) 
 

Health outcome (Y) 
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𝜂𝑌 = 𝜇𝑌 + 𝛽𝑌𝑍 + 𝜅𝑌𝑀𝑌 

 

With two causal contrasts 

∆𝜂𝑀𝑌 = 𝛿𝑀𝑌  

Δ𝜂𝑌 = 𝛽𝑌 + 𝜅𝑌∆𝑀�𝑌 

Where we define, 𝑛𝑧 as the number of observations where Z=z,  

𝑀�𝑌 𝑍=𝑧 =
1
𝑛𝑧

 � 𝑀𝑌𝑖
𝑖; 𝑍𝑖=𝑧,

= 𝐸(𝑀𝑌|𝑍 = 𝑧) 

and 

∆𝑀�𝑌 = 𝑀�𝑌 𝑍=1 − 𝑀�𝑌 𝑍=0 = 𝐸(𝑀𝑌|𝑍 = 1) − 𝐸(𝑀𝑌|𝑍 = 0) 

In the special case where 𝜂𝑀𝑌 = E(𝑀𝑌), by definition  

∆𝜂𝑌 = 𝜂𝑌[𝑍 = 1] − 𝜂𝑌[𝑍 = 0] 

∆𝜂𝑌 = 𝐸(𝑀𝑌|𝑍 = 1) − 𝐸(𝑀𝑌|𝑍 = 0) 

 

Therefore ∆𝜂𝑀𝑌 = ∆𝑀�𝑌 if for MY, 𝜂𝑀𝑌  = E(𝑀𝑌). This is the case whenever the link 

function for MY is the identity. In our simulation MY is normal and hence the 

equality ∆𝜂𝑀𝑌 = ∆𝑀�𝑌 holds. 

 

From Section 3.11 the estimators of the intervention and assignment effects are: 

�̂�(𝐼𝑛𝑡𝑒𝑟𝑚𝑒𝑑𝑖𝑎𝑡𝑒 𝑉𝑎𝑟𝑖𝑎𝑏𝑙𝑒𝑠) = �̂�𝑌∆𝑀�𝑌�  

A�(𝐼𝑛𝑡𝑒𝑟𝑚𝑒𝑑𝑖𝑎𝑡𝑒 𝑉𝑎𝑟𝑖𝑎𝑏𝑙𝑒𝑠) = �̂�𝑌 

 

 

So running the simulation as outlined in Figure 7-11 with the parameters given above 

gives us Figure 7-13: 
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Figure 7-13: Parameter estimates from 1000 runs of the simulation for the measured 
intermediate variables approach 
 

 
*The true values used in the simulation are indicated by the blue lines 
 

Figure 7-13 shows that the estimates of the intervention effect from the simulated data 

are much closer to the true intervention effect (blue line) in the intermediate variables 

model than in the ITT model. The assignment effect A is also estimated by the 

intermediate variables method. 
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In the simulation we chose to set the parameters  𝜅𝑌, 𝛿𝑀𝑌 , 𝜆𝑌 𝑎𝑛𝑑 δ𝑈. Now we vary 

each of these parameters in turn to see what effect they have on the estimators 

�̂�(𝐼𝑛𝑡𝑒𝑟𝑚𝑒𝑑𝑖𝑎𝑡𝑒 𝑉𝑎𝑟𝑖𝑎𝑏𝑙𝑒𝑠) and A�(𝐼𝑛𝑡𝑒𝑟𝑚𝑒𝑑𝑖𝑎𝑡𝑒 𝑉𝑎𝑟𝑖𝑎𝑏𝑙𝑒𝑠). 

Figure 7-14: The effect of changing the simulation parameters that determine β on the 
estimators 

 
*The true values of β and A are indicated by the blue lines. 
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Figure 7-14 shows the effect of changing the values of the effect of measured 

variables on the health outcome 𝜅𝑌 and the effect of the intervention on the measured 

variables 𝛿𝑀𝑌  on the estimators �̂�(𝐼𝑛𝑡𝑒𝑟𝑚𝑒𝑑𝑖𝑎𝑡𝑒 𝑉𝑎𝑟𝑖𝑎𝑏𝑙𝑒𝑠) and 

A�(𝐼𝑛𝑡𝑒𝑟𝑚𝑒𝑑𝑖𝑎𝑡𝑒 𝑉𝑎𝑟𝑖𝑎𝑏𝑙𝑒𝑠). We recall that, the equations from which the 

parameters from which the simulated data is drawn are: 

 

𝜂𝑌 = 𝜇𝑌 + 𝜆𝑌𝑈 + 𝜅𝑌𝑀𝑌 

𝜂𝑀𝑌 = 𝜇𝑀𝑌 + 𝛼𝑀𝑌𝑋 + 𝛿𝑀𝑌  𝑍 + 𝛾𝑀𝑌𝑋:𝑍 

𝜂𝑈 = 𝜇𝑈 + 𝛼𝑈𝑋 + 𝛿𝑈 𝑍 + 𝛾𝑈𝑋:𝑍 

 

From this equations we can see that changes in either the effect of the measured 

variables on the health outcomes κY or the intervention effect on the measured 

variables 𝛿𝑀𝑌(via MY) should change the intervention effect β but not the assignment 

effect, hence it is reassuring that this is reflected in the estimators. This is not the case 

in Figure 7-15. 
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Figure 7-15: The effect of changing the simulation parameters that determine the assignment 
effect on the estimators. 

 
In Figure 7-15, we can see the effect of changing the values of parameters that 

determine the unmeasured variables effect on the health outcome λY and the 

interventions effect on the health outcome δU on the estimators. These are the 

parameters that determine the assignment effect (in the simulation), hence we expect 

them to change the value of   A�(𝐼𝑛𝑡𝑒𝑟𝑚𝑒𝑑𝑖𝑎𝑡𝑒 𝑉𝑎𝑟𝑖𝑎𝑏𝑙𝑒𝑠). However, it is clear from 

the figure that for larger values of λY the both the estimators become more biased.  

This bias is caused by an increase in confounding in the estimation of �̂�𝑌. 
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7.7 Assumptions and Limitations of the Intermediate 
Variables Approach  

1. This approach assumes that we have a complete set of measured variables that 

describe the specific effects of the intervention. 

2. If no variable for susceptibility is included, the estimated effect size of the 

intervention β (Intermediate Variables) unexplained by the measured 

intermediate variables, includes both the assignment effects and any other 

unmeasured variables and so should only be considered an upper bound for the 

assignment effect.  

3. Any measurement error in the intermediate variables will reduce both the 

estimates of  �̂�𝑌 and 𝛥𝑀��𝑌and hence lead to underestimation of the 

interventions effect on health through the measured intermediate variables. 

 

The advantages assumptions and limitations are discussed in more detail in Chapter 

Eight. 

7.8 Key points of Importance from this Chapter for the 
Project. 

In this chapter we have illustrated our three key modelling approaches; assignment 

susceptibility approach, the dummy outcome approach and measured intermediate 

variables. Each method on its own gives an estimate for the assignment effect but 

each also requires some assumptions. In most studies, the key to deciding which 

approach or combination of approaches is best will depend on what assumptions we 

are comfortable making. This chapter illustrates what happens across a range of 

selected scenarios described by the simulated data and hence provides some insight 

into the practical consequence of these assumptions.  

 

In the next chapter, we look at the Heating Study data in order to see which 

assumptions are justified in this study and which are not. 
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8 Basic Models 

8.1 Chapter Goal: 

In the previous chapter, we illustrated three key approaches to account for the 

assignment effect using simulated data. The goal of this chapter is to apply these 

approaches to the data from our worked example, the Heating Study. Firstly we 

describe the relevant data. Following that description, some basic analyses are 

undertaken using these datasets. This enables us to explore what these methods tell us 

about the assignment effect in the Heating Study. Here we also give a full account of 

all the assumptions used in the basic approaches.  

 

This chapter presents the models in terms of our worked example of the Heating 

Study. It is important to remember that the goal of this chapter and indeed this project 

to describe methods that examine causation in participant-unblinded RCTs and in 

particular the role of assignment effects in these trials. As we have noted before, the 

Heating Study is designed and powered to use a simple ITT analysis to find the 

differences in lung function measures and asthma symptoms as caused by the heaters. 

The success of the Heating Study in this has been widely recognised.40 The Heating 

Study is not designed or powered to carry out our proposed models. However, the 

Heating Study presents a helpful guide to what can be achieved by the analyses 

proposed here in participant-unblinded randomised community trials. 

8.2 Notation from Chapter 3 

In this chapter we use the same notation as in Chapter Three, where:  

Y = The principal health outcome(s) of interest; 

Z = Binary assignment variable (Z=0 for controls, Z=1 for treatment); 

X = Assignment susceptibility which we regard as unmeasureable; 

S= A measured proxy for X. This may be an incomplete set of variables that describes 

or is correlated with assignment susceptibility;  
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D = Dummy outcome variable(s): outcome variables chosen to be unaffected by the 

specific (health related) intervention effects, but which may be affected by the 

assignment effect; 

MY = Measured intermediate outcome variables which capture the direct and specific 

health related effects of the intervention.  This may be an incomplete set of such 

variables;  

U = All other variables that are not affected by the specific or active elements of the 

intervention. This includes unmeasured variables and non-specific effects such as 

hope and expectation for example;  

Y-1= The health outcome(s) of interest measured before the assignment takes place at 

baseline; 

D-1= The dummy outcome(s) of interest but measured before the assignment takes 

place at baseline. 

 
 
 

8.3 Bayesian Analysis 

In Chapters Four, Five, Six and Seven all the results presented were from classical 

frequentist models. In the next two Chapters we change to using Bayesian models.  

In contrast to the point estimators (means, variances) usually used by classical 

statistics, Bayesian modelling is concerned with generating a posterior distribution for 

all the unknown parameters, given both the data and the prior density for these 

parameters. This allows the Bayesian modelling framework to provide a much more 

complete picture of the uncertainty in the estimation of the unknown parameters.171 

In particular, as seen in Chapters Three and Six, the estimators we wish to find for the 

intervention and assignment effects are often unusual combinations of the model 

parameters. The estimation of the combinations is much more natural and easier to 

implement in a Bayesian framework. We have used the WINBUGS software package 

and its associated interface in R R2WinBUGS for all analyses in these chapters.172 173 

 

In fitting a Bayesian analysis one not only describes the relationships between 

variables, but also specifies priors for the parameters. These priors are based on 

information known before data are examined and come from expectations or previous 
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knowledge. In this project, we have used priors that are non-informative with high 

prior variance.  

Technical note: All parameters modelled are assumed to have a prior of N(μ,σ2)  with 

μ=0 and σ=1000. The exceptions are priors for 𝜎𝑇2and 𝜎𝑁𝑂2
2 which must be positive 

and were given priors of U(0,10). 

8.4 Outcomes 

In Chapter Four we noted that the Heating Study has some features that are helpful in 

exploring the assignment effect. In particular, the outcomes are measured both in the 

baseline (prior to randomisation) and the intervention years. As all our health 

outcomes are adjusted for the health outcome in the baseline year, there is no need to 

adjust for potential confounders that will not have changed in a year. In Chapter Four 

we also reported on two types of health outcomes; daily lung function measures 

(FEV1 and PEFR); and annually recorded health symptoms (poor health, wheeze and 

cough). In Chapters Five and Six we concentrated on the measures of lung function as 

the outcome. This is because they were the primary outcomes, which are more 

frequently recorded and are less subjective than the annual health outcomes.  

 

For this and subsequent chapters we change our focus to the annual health symptoms. 

These annual health symptoms have a less complex structure (binary variables 

measured before and after the intervention) which is easier to model and which 

matches our model development in Chapter Seven. Estimation of health outcomes 

based on annual health symptoms is a relatively common feature of health studies, so 

focusing on these outcome measures will have greater methodological applicability. 

These outcome measures are also more likely to have a measurable assignment effect 

because they involve self-report.14 

 While many such outcomes are available, we have chosen to focus our example on  

 ‘Dry cough at night in the past 3 months’ (cough) which is again taken from the 2006 

End of Winter Questionnaire. We use Yc to denote this variable in the equations. 

 

Where the Dummy approach is used, the inclusion of more outcome variables 

improves the predicative power of the models. Therefore where the dummy approach 

is fitted we used two additional outcomes: 
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1) ‘Self-reported poor health’ (poor health) from the 2006 end of winter 

questionnaire. We use YP to denote this variable in the equations. 

2) ‘More than 1 attacks of wheezing per week’ (wheeze) which is also self-reported 

from the 2006 End of Winter Questionnaire. We use Yw to denote this variable in the 

equations. 

We use these outcomes to illustrate the basic ideas behind the methods described in 

the previous chapter and explore the effects when these methods are used with real 

data (as opposed to the simulated data presented in the previous chapter) from the 

Heating Study. 

In the final comparison of the models we compare the results for ‘cough’ and ‘poor 

health’. We highlight this comparison because we believe that ‘poor health’ is our 

most subjective outcome and the reported intervention effect on this outcome is most 

likely be inflated by an assignment effect.   

8.5 The ITT Model 

The ITT model from Chapter Three is reproduced below: 

 
Figure 8-1: A DAG of the ITT model  
 

 
 
 

 

 

 

 

X Z 

Y 

Simple ITT 



146 
 

Equations for the simple ITT model (Figure 8-1): 

 

Y ~ Bernoulli (p) 

Logit (p) = 𝜂𝑌 = μY + βY Z 

 

This is the simple model, in which the observed outcome Y is a binary variable and is 

only modelled in terms of the intervention. The assignment susceptibility variable X 

has no effect in this model. 

 

In Section 3.4 we defined the estimator of the intervention effect from this model as 

   

𝛽(𝐼𝑇𝑇) = 𝛥𝜂𝑌 = 𝛽𝑌 

 

One of the complications with real data is that there are issues with both confounding 

variables and serial correlation. Intuitively, and through expert opinion,49 we know 

that the presence or absence of symptoms in one year is a strong predictor of 

symptom presence or absence in the following year. This means that it is useful to 

adjust for the previous year’s health outcome. We refer to the previous year’s health 

outcome as the baseline health outcome and denote it by Y-1.  
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Figure 8-2: The baseline adjusted ITT model 
 
 
 

 
 

Equations for baseline adjusted model (Figure 8-2): 

 

Y ~ Bernoulli (p) 

Logit (p) = 𝜂𝑌= μY + βY Z + τY Y-1 

 

In this model the health outcome Y depends on both the intervention (Z) and the 

health outcome at baseline (Y-1). Again, the effect of assignment susceptibility X is 

not included. This is the model used for the binary outcomes in Chapter Four. 

 
Table 8-1: The results of the simple and adjusted models: 
 

Health outcome Estimator 
Simple ITT  Baseline adjusted ITT  

Estimate LCL UCL Estimate LCL UCL 

Poor Health �̂� -0.71 -1.43 0 -0.77 -1.35 -0.15 

Cough �̂� 
-0.66 -1.12 -0.21 -0.67 -1.17 -0.18 

Wheeze �̂� 
-0.37 -0.81 0.05 -0.34 -0.78 0.13 

 
 
Table 8-1 shows the estimates of �̂� from the simple ITT model and the baseline 

adjusted ITT model for each of the three Heating Study outcomes. This illustrates a 

decrease in all symptoms associated with the intervention, although this is not 

X Z 

Y-1 Y 
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statistically significant for wheeze. As is evident from Table 8-1, the estimated 

intervention effects are very similar for the simple ITT and baseline adjusted ITT 

models. These results show that the effect of the intervention depends on the symptom 

we wish to measure. The ITT model does not include any assignment effect. 

8.6 The Susceptibility Model 

In Sections 3.7 and 3.8 we noted that the assignment effect varies between individuals 

and whilst the assignment susceptibility X is an unmeasured variable, it may be 

possible to find a measured variable that is correlated with this susceptibility S. If we 

can find such a measured variable, then it can be used as a proxy for assignment 

susceptibility. In the Heating Study we did not decide on such a proxy a priori. 

However, there are some measured variables that are possible candidates for such a 

proxy variable.  

 

8.7 Candidates for a Proxy Variable 

The ideal proxy variable for the assignment susceptibility would have a strong 

association with assignment susceptibility.  

 
Simulated effect 
 

From the simulation chapter (Chapter Seven) we can see that if such a proxy variable 

is strongly associated with susceptibility to the assignment effect, and there is a large 

assignment effect, then we would expect to see a significant interaction between this 

variable and the intervention. 

 

When the Heating Study was designed, we did not directly consider the need for a 

proxy variable. However, there were a few questions asked for other purposes that are 

possible candidates for the role of a proxy variable here. We have selected four such 

candidates and their details are outlined below.  
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Candidate 1) House changes for asthma 
Asked at baseline:  

Q47 Have you made any changes to your house or the way you run it because of 

asthma? (tick all that apply) 

Yes, we got rid of a pet. 

Yes, we got special bedding. 

Yes, we took carpet out.   

Yes, we made/changed rules on smoking in the house. 

Yes, other. 

 

When we add up the number of times “yes” was answered, this provides an estimate 

of the number of changes made to the house because of asthma. In our analysis we 

have grouped respondents according to whether they made 0, 1 or 2 or more changes. 

 
Number of changes 
made 

0 1 2+ 

Number of 
responses 

168 165 83 

 
 
Justification of how this variable could show a susceptibility to the assignment 

effect: We hypothesise that the number of changes made to the house is indicative of 

the attitude of parents who believe that making changes in the home environment will 

improve their child’s asthma. We also hypothesise that the more active a household is 

in making changes (or the more changes made), the greater their belief in the 

intervention and hence the greater susceptibility to the assignment effect. This is a 

necessary simplification. In the end, we are endeavouring to measure strength of 

belief.  Getting rid of a beloved household pet may be a stronger indicator of strength 

of belief than changing a carpet, but individual differences make such judgements 

hard to measure. 
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Expected outcome in the presence of a strong assignment effect: 

In the models where an S0 level is needed, we use the 0 changes group for this. When 

there is a strong assignment effect we expect greater apparent health benefits for the 

group that made one change and even apparent greater benefits for the group that 

made two changes. 

 

 Candidate 2) Spend on Warmth 
 

The question following was asked as part of a ‘willingness-to-pay’ survey, which was 

included in the baseline survey: 

  

Q32. a) Because you will be getting an energy efficient heater your house may be 

warmer than before if you spend the same on heating. If you spend as much on 

heating as last winter your home might be significantly warmer (on average) through 

the winter. Or you might use less energy and save money on your fuel bill – maybe 

you could save $10 or $20 a month. 

 

What do you think you will do next winter? (tick one) 

Save lots and have the house no warmer. 

Save some and have the house a bit warmer. 

Save nothing and have the house a lot warmer. 

 

 

We label these three responses as: 

Save -Save lots and have the house no warmer. 

Average - Save some and have the house a bit warmer. 

Spend - Save nothing and have the house a lot warmer. 

 
Choice Save Average Spend 
Number of 
responses 

11 237 148 

 
 
Justification of how this could show a susceptibility to the assignment effect: The 

answer to this question may be an indication of how much a participant believes that 
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having the house warmer (and hence the intervention) will affect their child’s health. 

This belief could be a manifestation of susceptibility to the assignment effect. 

 

Expected outcome in the presence of a strong assignment effect: Due to the low 

numbers in the Save group, we do not expect estimates for this group to be accurate. 

Instead, the most robust contrast will be between the Average and Spend groups. We 

would expect that the Spend group would show a greater health improvement from 

the intervention due to the rise in temperature and also from the assignment effect (if 

participants believe temperature will have a greater effect on health). 

Choosing a baseline level for this variable is difficult but we decided that the Average 

level is the best zero level. 

 
Candidate 3) House Condition 
 

In the 2005 baseline survey the following question was asked. 

 

How would you describe the condition of your dwelling? 

Excellent – No immediate repair and maintenance needed 

Good – Minor maintenance needed 

Average – Some repair and maintenance needed 

Poor- Immediate repairs and maintenance needed 

Very poor – Extensive and immediate repair and maintenance needed 

 

The categories ‘Good’ and ‘Excellent’ were combined to give one category “Good” 

and ‘Poor’ and ‘Very poor’ were combined to give one category ‘Poor’. 

 
Choice Good Average Poor 
Number of 
responses 

200 175 37 

 
 
Justification of how this could show a susceptibility to the assignment effect: 

Householders who consider their homes to be of excellent or good quality may have 

more pride in their home and it could indicate that their environment may be more 

important to their psychological well-being. Hence, this group may receive a greater 
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psychological boost through hope or expectation from the insulation of the new 

heater.  

 

Expected outcome in the presence of a strong assignment effect: The average 

category was considered the best choice as the baseline level (because this appears 

closest to indifference).  We expect that a strong assignment effect could result in an 

increased improvement in health with the heaters for those in the ‘good’ homes. 
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Candidate 4) Perception of cold 
 

We took independent measures of the indoor temperatures in the houses, but 

participants were also asked a self-report question as follows: 

 Do you feel your house has been cold this winter (June to September)? 

Yes, always 

Yes, most of the time 

Yes sometimes 

No 

 

As only 21 households reported “No” , the “No” and “Yes sometimes” were combined 

into one category ‘Some’, “Yes always”’ and “Yes most of the time” were relabelled 

‘Always’ and ‘Mostly’ respectively.  

  
Choice Always Mostly Some 
Number of 
responses 

132 124 158 

 
 

Justification of how this could show a susceptibility to the assignment effect: 

Households that report being cold may have a greater expectation or hope more that 

the intervention will be effective and may, therefore, receive a greater psychological 

boost from the intervention. 

 

Expected outcome in the presence of a strong assignment effect: The ‘some’ 

category was considered the best choice as a baseline level. With a strong assignment 

effect, we expect that for those who feel ‘always’ cold there would be an apparent 

increased improvement in health. For those who only ‘mostly’ feel cold we predict a 

smaller assignment effect. 
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8.8 Results of the Susceptibility Model 

 

In Section 3.7 and Section 3.8 we introduced the susceptibility model, here we recall 

this model except with the added variable Y-1. 
Figure 8-3: The Susceptibility approach adjusted for baseline health outcomes. 

 
The linear predictor is 
 

𝜂𝑌 = 𝜇𝑌 + 𝛼𝑌𝑆 +  𝛽𝑌𝑍 + 𝛾𝑌𝑆:𝑍 + 𝜏𝑌𝑌−1 
 

We assume here, that S has a neutral level S0, where individuals are indifferent to the 

intervention and take no additional positive, or negative, health-related actions as a 

result of their assignment to treatment or control group. Then from Section 3.8: 

 

�̂� (Susceptibility) = ∆�̂�𝑌(𝑆0) = �̂�𝑌 + 𝛾�𝑌𝑆0 

and 

�̂�(𝑆)(Susceptibility) = ∆�̂�𝑌 − ∆�̂�𝑌(𝑆0) =  𝛾�𝑌𝑆 − 𝛾�𝑌𝑆0 

 

One difficulty with this approach is finding a suitable variable S and its appropriate 

level corresponding to lack of assignment effects, S0. When we outlined the 

candidates above, we designated a certain level of each as the baseline level. These 

choices are arbitrary and lack strong justification. This is more fully explained later in 

the discussion of the advantages and limitations of the model.  

X Z 

Y-1 Y 

S 
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If we implement the model from Figure 8-3 with ‘cough’ as the health outcome and 

‘House changes for asthma’ as the proxy we get the results in Table 8-2 below.  

 
Table 8-2: The results from applying the proxy model with ‘cough’ as the health outcome and 
‘house changes for asthma’ as the proxy 
 

 
mean Median sd 95% LCL$ 95% UCL$ 

𝝁�Y 1.03 1.02 0.25 0.59 1.52 
𝛼�𝑌 ( 1 change to 
house) 0.26 0.26 0.38 -0.51 0.97 
𝜶�𝒀 ( 2+ changes to 
house) 0.78 0.78 0.33 0.17 1.43 
�̂�𝑌 -0.43 -0.42 0.35 -1.14 0.24 
𝛾�𝑌( 1 change to 
house) -0.13 -0.13 0.53 -1.12 0.97 
𝜸�𝒀 ( 2+ changes to 
house) -0.81 -0.81 0.38 -1.57 -0.03 
𝝉�Y -1.82 -1.81 0.36 -2.55 -1.13 
deviance 407.65 406.9 3.78 402.5 416.65 
      

�̂� -0.43* -0.42* 0.35 -1.14* 0.24* 
�̂�(1 change to house) -0.13* -0.13* 0.53 -1.12* 0.97* 
�̂�( 2+ changes to 
house) -0.81* -0.81* 0.38 -1.57* -0.03* 
$ The 95% LCL is the lower confidence limit of the 95% confidence interval 
$ The 95% UCL is the upper confidence limit of the 95% confidence interval 
$ Statistically significant results ( p<0.05) are highlight by using bold type.  
# As house changes for asthma has three levels (0, 1, or 2 or more changes) we included it as 
a factor to clearly see if its effect and the effect of its interaction terms were consistent in 
trend. 
* Although, these estimates assume A(no changes to house) =0, this may be incorrect. 
Where A(no changes to house) =ε, then the reported estimate for  �̂� should have ε 
added to them and the estimates for A(X) should have ε subtracted from them. 
 
(We remind the readers that in all the models positive signed effects indicate more 

symptoms or worse health and negative signed effects indicate less symptoms or 

better health.)  

 

Table 8-2 shows us the values for �̂� (Substitute) the estimated effect of the 

intervention and �̂�(𝑆)(Substitute) the estimated assignment effect in the substitute 

model. A major short-coming for the estimates of �̂� (Substitute) and �̂�(𝑆)(Substitute) 

is the assumption that A(no changes to house) =0, this is probably incorrect.  
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In spite of this major short-coming, when compared to the baseline adjusted ITT 

model in Table 8-1, we can see that �̂� is no longer significantly different to zero and 

the effect size has changed to -0.43 (-1.14 to 0.24) in the susceptibility model from 

−0.67 (-1.17 to -0.18) in the ITT model.  

 

These estimates for A(S) appear loosely consistent with the assumption that increased 

changes to the house are correlated with increased assignment susceptibility. This is 

because the point estimate for A(1 change) shows a decrease in symptoms over A(no 

change) and A(2+ changes) shows an even greater decrease. Similarly, we can 

calculate the parameters for the other three candidate variables. The results of these 

analyses are given in the tables below. 
 
Table 8-3: The results from applying the proxy model with ‘cough’ as the health outcome and 
‘spend on warmth’ as the proxy 
 

 
mean Median sd 2.50% 97.50% 

𝝁�Y 1.54 1.55 0.25 1.06 2.05 
𝛼�𝑌 ( Save) 0.54 0.39 1.37 -1.73 3.74 
𝛼�𝑌 ( Spend) -0.53 -0.54 0.38 -1.28 0.21 
𝜷�𝒀 -0.74 -0.75 0.32 -1.34 -0.10 
𝛾�𝑌( Save) -0.44 -0.40 1.72 -4.30 2.64 
𝛾�𝑌 ( Spend) 0.10 0.11 0.51 -0.90 1.07 
𝝉�Y -1.88 -1.86 0.36 -2.61 -1.23 
deviance 410.46 409.8 3.86 404.9 419.75 
      

𝜷� -0.74* -0.75* 0.32 -1.34* -0.10* 
�̂� ( Save) -0.44* -0.40* 1.72 -4.30* 2.64* 
�̂� ( Spend) 0.10* 0.11* 0.51 -0.90* 1.07* 
*Although, these estimates assume A(Average) =0, this may be incorrect. Where 
A(Average) =ε, then the reported estimate for  �̂� should have ε added and the estimates 
for A(X) should have ε subtracted from them. 
 

In Table 8-3, the proxy measure is ‘Spend on warmth’ and our assumed value for S0 is 

S0 = “Average”. This is not likely to be true. 

If we ignore this major shortcoming, we can see that this �̂�(Susceptibility) with 

‘Spend on warmth’ as the proxy, is greater than those estimates from both the ITT 

model (Table 8-1) and the model with the variable ‘House changes for asthma’ used 

as the proxy measure (Table 8-2). The estimated values �̂�(S) are not consistent with 
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our assumption of increased assignment susceptibility for those intending to spend 

more on heating. 

 
Table 8-4: The results from applying the proxy model with ‘cough’ as the health outcome and 
‘house condition’ as the proxy 
 

 
mean Median sd 2.50% 97.50% 

𝝁�Y 1.16 1.15 0.30 0.60 1.76 
𝛼�𝑌 ( Good) 0.12 0.14 0.37 -0.66 0.84 
𝛼�𝑌 ( Poor) 1.90 1.74 1.20 -0.06 4.49 
�̂�𝑌 -0.50 -0.50 0.37 -1.22 0.19 
𝛾�𝑌( Good) -0.22 -0.22 0.49 -1.15 0.78 
𝛾�𝑌 ( Poor) -1.57 -1.41 1.36 -4.32 0.79 
𝝉�Y -1.87 -1.86 0.37 -2.62 -1.17 
deviance 410.44 409.7 3.70 405.2 419.25 
      

�̂� -0.50* -0.50* 0.37 -1.22* 0.19* 
�̂� ( Good) -0.22* -0.22* 0.49 -1.15* 0.78* 
�̂� ( Poor) -1.57* -1.41* 1.36 -4.32* 0.79* 
*Although, these estimates assume A(Average) =0, this may be incorrect. Where 
A(Average) =ε, then the reported estimate for  �̂� should have ε added and the estimates 
for A(X) should have ε subtracted from them. 
 

In Table 8-4, our assumed value for S0 is S0 = ‘Average’ (This time ‘average’ reported 

house condition rather than intention to spend on warmth above). This is not likely to 

be true. 

If we ignore this major shortcoming, we can see that �̂� our estimate of the 

intervention effect when the variable ‘House condition’ is used as the proxy is not 

significantly different from zero and less than the estimate from the ITT model (Table 

8-1). Here the point estimates of A(S) are not consistent with increased assignment 

susceptibility both for those who reported better house conditions and those reporting 

poor conditions. 
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Table 8-5: The results from applying the proxy model with ‘cough’ as the health outcome and 
‘perception of cold’ as the proxy 
 

 
mean Median sd 2.50% 97.50% 

𝝁�Y 1.24 1.22 0.29 0.73 1.84 
𝛼�𝑌 ( Always) 0.34 0.34 0.48 -0.56 1.30 
𝛼�𝑌 ( Some) -0.01 0.00 0.44 -0.86 0.88 
�̂�𝑌 -0.74 -0.74 0.40 -1.50 0.08 
𝛾�𝑌( Always) -0.18 -0.17 0.63 -1.49 1.00 
𝛾�𝑌 ( Some) 0.37 0.36 0.61 -0.85 1.57 
𝝉�Y -1.87 -1.87 0.37 -2.60 -1.18 
deviance 412.32 411.6 3.83 406.8 420.9 
      

�̂� -0.74* -0.74* 0.40 -1.50* 0.08* 
�̂�( Always) -0.18* -0.17* 0.63 -1.49* 1.00* 
�̂� ( Some) 0.37* 0.36* 0.61 -0.85* 1.57* 
*These estimates assume A(Mostly) =0, this may be incorrect. Where A(Mostly) =ε, 
then the reported estimate for  �̂� should have ε added and the estimates for A(X) should 
have ε taken from them. 
 

In Table 8-5, our unjustified estimate for S0 is S0 = “Mostly”. This is again not likely 

to be true. 

If we ignore this major shortcoming, we can see here �̂� is not significantly different to 

zero and is greater than those estimates from both the ITT model (Table 8-1) and 

when the variable ‘House changes for asthma’ was used as the proxy measure (Table 

8-2). Here the point estimates of A(S) are consistent with increased assignment 

susceptibility from those who feel cold more often. 

 

 

From the four tables presented above we wish to make three points, firstly the major 

shorting coming of this method is that, for each proxy we assume a level of S0, such 

that A(S0)=0, with almost no justification. These levels are almost certainly biased. 

We denote this bias by ε and where A(of our choice for S0 )=ε, our estimates of �̂� 

should have ε added and the estimates for A(S) should have ε taken from them. 

Secondly, despite this shortcoming these tables provide estimates of the intervention 

effect �̂� and the assignment effect �̂�(S). Thirdly, these estimates depend upon the 

proxy chosen. 
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8.9 Advantages of the Susceptibility Method 

The susceptibility approach captures some of the variation between individuals 

susceptibility to the assignment effect. Using this method, therefore provides an 

insight into the strength of the assignment effect in those people we suspect are more 

likely to be susceptible to the assignment effect. Because assignment effects can be 

both beneficial and long lasting,15 this insight offers a potential benefit to public 

health. As an example of this, government health agencies could potentially frame 

large public health interventions as ‘trials’ and seek to maximise the health benefits.   

 

The susceptibility method is conceptually easy to understand. Put simply some people 

are more susceptible to assignment effects and therefore, we attempt to measure this 

susceptibility and adjust our estimates accordingly. It would therefore be easy to 

justify method to the non-statistical community and have it widely adopted.  

 

The model for the susceptibility model is also easy to implement. The estimates of the 

intervention and assignment effects are parameters from the widely used generalised 

linear model with the linear predictor.  

 

𝜂𝑌 = 𝜇𝑌 + 𝛼𝑌𝑆 +  𝛽𝑌𝑍 + 𝛾𝑌𝑆:𝑍 + 𝜏𝑌𝑌−1 

 

From the simulations in Section 7.2, we saw that so long as the proxy has some 

correlation with the assignment susceptibility, it reduces the bias in �̂� when compared 

to the ITT method. 

8.10  Assumptions and Limitations of the Susceptibility 
Method 

The susceptibility method has many assumptions and limitations.  

First, the susceptibility method clearly requires the use of a proxy or surrogate 

measure. If such a measure is not available, then this method cannot be used.  As we 

demonstrated in Section 7.2, even when a measured proxy is available the estimators 

for the intervention effect and the assignment effect depend on how well this proxy 

correlates with the unmeasured assignment susceptibility. We also illustrated that if a 



160 
 

proxy is chosen that is negatively correlated with the assignment susceptibility then 

the estimator �̂� is even more biased in the susceptibility model than the simple ITT 

model. 

 

Second, we assume that S and Z are independent. This assumption is important 

because if S and Z are correlated then the relationship S between S and Y may be 

confounded by Z. If S is measured before the randomisation is carried out (or before 

study changes are made). This means it is best to choose a combination of baseline 

characteristics as a proxy.  

 

 Third, another disadvantage of the susceptibility model is that we cannot test whether 

the proxy is correlated with the assignment susceptibility and hence we cannot tell a 

‘good’ proxy that reduces bias in the estimators from a ‘bad’ proxy that increases bias 

in the estimators. This means that given multiple potential proxies we cannot tell 

which one is the best.  

 

Fourth, even where a proxy is chosen that is well correlated with the assignment 

susceptibility, choosing the value of S0 is difficult and might lead to unjustified 

assumptions as outlined above. This assumption of the S0 level is also untestable. 

When we combined the dummy approach with the other approaches we can avoid this 

need for a known S0. 

 

Fifth, the susceptibility approach relies on the first definition of the assignment effect, 

which is that the assignment effect is the difference between the treatment and control 

groups, caused by non-specific elements of the treatment. These non-specific 

elements of the intervention may influence the specific elements of the intervention. 

In the Heating Study for example, if people who have ‘high hopes’ for the 

intervention use the new heaters more than those with ‘low hope’, this will raise the 

temperature more in the ‘high hope’ homes. They would then have more positive 

health benefits. In the susceptibility model, such benefits are classed as assignment 

effects. In our later models they are not. This is more formally the effect γY in our full 

representation in Section 3.6. This type of effect is classified as an assignment effect 

in this approach, regardless of the S chosen.  
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Sixth, this classification above has important consequences for the choice of the proxy 

and this is important because a badly chosen proxy could obscure the effect of the 

intervention. For instance, if S is chosen such that it better reflects the natural 

variation in the use of the intervention rather than assignment susceptibility, then the 

susceptibility method would give a biased estimate of both the intervention and 

assignment effect. An example of this is Candidate Two above, which is the variable 

“Do you intend to save more money or spend more on warmth?” A corollary to those 

with the intention of spending more on heating, is that the temperature rises more for 

those who spend more. Therefore, our observed assignment effect here may well be 

due to natural variation in the use of the intervention. rather than assignment to the 

treatment or control group. In fact, it can be argued that all our candidates may create 

this estimation problem. When this method is combined with the measured 

intermediate variables method, we can adjust for effects like this. However, in general 

it is better to choose S, so as this effect is zero or part of the assignment effect. 

 

8.11 Discussion of the Susceptibility Method 

In general, the susceptibility method has the advantage of modelling the important 

concept of individual assignment susceptibility. Unfortunately, it is impossible to 

know if a ‘good’ proxy has been chosen, as the actual underlying assignment 

susceptibility is unknown. The problem of defining the neutral level of S, S0, and the 

problem of S reflecting some natural variation in the effectiveness of the intervention 

can be overcome by combining this approach with other approaches as discussed 

later. 

 

The consensus amongst the research team was to ask directly, “Do you think 

improved heating will improve your child’s asthma/health?” or reword this question 

“How much do you think improved heating will improve your child’s asthma/health?” 

and measure the answer on a scale of 1 to 10. Following consultation, we have 

included this type of question in two on-going community randomised trials, where 

the participants are also unblinded. These trials are The Warm Homes for Elder New 

Zealanders, where the intervention is a fuel subsidy and the target population is 
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people with COPD, and the Home Injury Prevention Intervention, in which we have 

carried out minor repairs of home injury hazards for slips, trips and falls.  

Unfortunately, the results of these trials will not be available before this project is 

completed. 

 

While it is useful in this section to use all four candidate variables to illustrate the 

possible spread of the effects, in the next chapter we use only the first candidate, 

‘house changes for asthma’. This was chosen as we felt there was the strongest 

justification for it being correlated with the assignment susceptibility. In the future 

models we use this as a continuous variable to make presentation of the results easier. 

 

In this project we have introduced three variable sets, the assignment susceptibility X, 

the dummy variables D and the measured intermediate variables MY. For both D and 

MY the concepts are concrete and understood, therefore we are likely to be able to 

measure them with no more than the usual practical difficulties. However, X is an 

abstract and poorly understood concept. Therefore, while it is possible to guess an S 

that is correlated with X this is unlikely to be perfectly correlated with X. This is why 

instead of using X in our equations; we have highlighted this approximation by using 

S instead of X in our presentation of the results. In order for this method to give 

unbiased estimates of the intervention and assignment effect we must assume that S is 

perfectly correlated with X. When we use S in the combined and full methods we are 

careful to only assume that S has some positive correlation with X. Such an S can 

either be used to explain some of the model variation (improve precision) or to test 

whether a group of interest has received a significantly greater assignment effect.  

 

8.12 The Dummy Outcome Method 

As described in Sections 3.9 and 7.4, the dummy outcome method requires the choice 

of measured ‘dummy outcomes’ D. These dummy outcomes are chosen because they 

are known to be unaffected by the specific effects of the intervention. We assume that 

these dummy outcomes D are subject to the assignment effect in the ‘same way’ as 

the health outcomes of interest Y. This ‘same way’ condition of course depends on 

the distribution of both D and Y. In Section 3.9 when Y and D were both binary, we 
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assumed that this ‘same way’ was expressed by the same change in the log-odds ratio 

for both outcomes due to the assignment effect. When both Y and D were normal we 

assumed that this was expressed by 

𝑃(𝐷 > 𝜇𝐷 + 𝛽𝐷|𝑍 = 0) = 𝑃(𝑌 > 𝜇𝑌 + 𝛾𝑌𝑋|𝑍 = 0) 

 

In the design of the Heating Study, after considerable discussion with the medical 

members of the study team, diarrhoea, vomiting and ear infections were chosen. This 

was because it was felt we could reasonably expect that none of these would be 

affected by the heaters.  

 

In Section 3.9 we showed the DAG and estimators �̂�(Dummy) and �̂�(Dummy).  

 
Figure 8-4: Dag for the dummy outcome 

 
 

We have two outcomes for the health outcome Y and the Dummy outcome D 

In the Heating Study 

Y~ Bernoulli (p) 

𝑙𝑜𝑔𝑖𝑡 (𝑝) = 𝜂𝑌 = 𝜇𝑌 + 𝛽𝑌 𝑍 

D~ Bernoulli (q) 

𝑙𝑜𝑔𝑖𝑡 (𝑞) = 𝜂𝐷 = 𝜇𝐷 + 𝛽𝐷 𝑍 

 

we saw in Section 3.9 that 

 

 �̂� (𝐷𝑢𝑚𝑚𝑦) = ∆�̂�𝑦 − ∆�̂�𝐷 = �̂�𝑌 − �̂�𝐷 

And 

Z 

Y D 
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�̂�(𝐷𝑢𝑚𝑚𝑦) = ∆�̂�𝐷 =  �̂�𝐷 

 

When we add the adjustment for the baseline dummy D-1 and health outcome Y-1, we 

get Figure 8-5.  

 
Figure 8-5: The baseline adjusted dummy outcomes model 
 

 
The equations for the baseline adjusted dummy model are: 

 

Y~ Bernoulli (p) 

𝑙𝑜𝑔𝑖𝑡 (𝑝) = 𝜂𝑌 = 𝜇𝑌 + 𝛽𝑌 𝑍 + 𝜏𝑌𝑌−1 

D~ Bernoulli (q) 

𝑙𝑜𝑔𝑖𝑡 (𝑞) = 𝜂𝐷 = 𝜇𝐷 + 𝛽𝐷 𝑍 + 𝜏𝐷𝐷−1 

and the estimators remain 
 �̂� (𝐷𝑢𝑚𝑚𝑦) = ∆�̂�𝑦 − ∆�̂�𝐷 = �̂�𝑌 − �̂�𝐷 

and 

�̂�(𝐷𝑢𝑚𝑚𝑦) = ∆�̂�𝐷 =  �̂�𝐷 

 

The assumption here is that βD is the assignment effect and this implies for all the 

dummy outcomes (diarrhoea, vomiting and ear infections, subscripted by d, v, and e 

respectively) we can assume βD= βDd= βDv =βDe .Therefore, with three dummy 

outcomes and three outcomes (cough, wheeze and poor health subscripted by c, w, 

and p respectively) we have the following equations: 

 

 

Y~ Bernoulli (pc) 

Z 

Y D 

D-1 

Y-1 
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𝑙𝑜𝑔𝑖𝑡 (𝑝𝑐) = 𝜂𝑌𝑐 = 𝜇𝑌𝑐 + 𝛽𝑌𝑐 𝑍 + 𝜏𝑌𝑐𝑌𝑐−1 

Y~ Bernoulli (pw) 

𝑙𝑜𝑔𝑖𝑡 (𝑝𝑤) = 𝜂𝑌𝑤 = 𝜇𝑌𝑤 + 𝛽𝑌𝑤 𝑍 + 𝜏𝑌𝑤𝑌𝑐−1 

Y~ Bernoulli (pp) 

𝑙𝑜𝑔𝑖𝑡 �𝑝𝑝� = 𝜂𝑌𝑝 = 𝜇𝑌𝑝 + 𝛽𝑌𝑝 𝑍 + 𝜏𝑌𝑝𝑌𝑐−1 

 

Diarrhoea =Dd  ~ Bernoulli (qd) 

𝑙𝑜𝑔𝑖𝑡 (𝑞𝑑) = 𝜂𝐷𝑑 = 𝜇𝐷𝑑 + 𝛽𝐷 𝑍 + 𝜏𝐷𝑑𝐷𝑑−1 

Vomiting =Dv  ~ Bernoulli (qv) 

𝑙𝑜𝑔𝑖𝑡 (𝑞𝑣) = 𝜂𝐷𝑣 = 𝜇𝐷𝑣 + 𝛽𝐷 𝑍 + 𝜏𝐷𝑣𝐷𝑣−1 

Ear infections =De  ~ Bernoulli (qe) 

𝑙𝑜𝑔𝑖𝑡 (𝑞𝑒) = 𝜂𝐷𝑒 = 𝜇𝐷𝑒 + 𝛽𝐷 𝑍 + 𝜏𝐷𝑒𝐷𝑒−1 

And our estimators are 

�̂�𝑐(𝐷𝑢𝑚𝑚𝑦) = �̂�𝑌𝑐 − �̂�𝐷 

�̂�𝑤(𝐷𝑢𝑚𝑚𝑦) = �̂�𝑌𝑤 − �̂�𝐷 

�̂�𝑝(𝐷𝑢𝑚𝑚𝑦) = �̂�𝑌𝑝 − �̂�𝐷 

And 

�̂�(𝑋)(𝐷𝑢𝑚𝑚𝑦) = ∆�̂�𝐷 =  �̂�𝐷 
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8.13  The Results of the Dummy Method 

The results for applying the dummy method as above are given in Table 8-6. 

 
Table 8-6: The results of the basic models for the dummy outcomes 
 
Parameters mean median sd 95% Lcl 95% Ucl 
μYc -0.52 -0.53 0.38 -1.24 0.2 
μYw -0.66 -0.66 0.2 -1.05 -0.27 
μYp -2.5 -2.49 0.31 -3.14 -1.92 
μDd -1.32 -1.31 0.2 -1.7 -0.94 
μDv -1.16 -1.15 0.19 -1.55 -0.81 
μDe -1.87 -1.86 0.21 -2.27 -1.48 
βC -0.71 -0.71 0.26 -1.21 -0.21 
βw -0.44 -0.43 0.25 -0.93 0.06 
βp -0.54 -0.51 0.41 -1.37 0.22 
βD -0.17 -0.17 0.15 -0.45 0.13 
τYc 1.83 1.83 0.38 1.12 2.56 
τYw 1.21 1.21 0.25 0.73 1.7 
τYp 1.87 1.89 0.41 1.09 2.68 
τDv 0.87 0.87 0.25 0.41 1.38 
τDd 1.61 1.6 0.26 1.11 2.11 
τDe 1.93 1.94 0.31 1.34 2.57 
deviance 1966.04 1965 5.87 1957 1979.97 
Estimators      

�̂�𝐶  -0.55 -0.54 0.3 -1.1 0.01 
�̂�𝑊 -0.27 -0.26 0.29 -0.85 0.28 
�̂�𝑃 -0.37 -0.36 0.45 -1.29 0.49 
�̂� -0.17 -0.17 0.15 -0.45 0.13 

 
 
Table 8-6 shows the results of the dummy method. From this we can see that  

�̂�𝐶(Dummy) (-0.55) �̂�𝐶(ITT ) (-0.74) and �̂�𝐶(Susceptibility) (-0.43) we can also see that βD 

the estimated of the assignment effect is non-significant. In general where we cannot reject βD 

=0 it is likely that the dummy variables approach is only adding noise to the model and we 

should revert to the ITT model. We will continue here and in future model for demonstration 

purposes only. 
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In running this model we assumed that βD= βDd= βDv =βDe we can of course test this 

by separately estimating βDd, βDv and βDe and then testing the hypothesis that 

𝑡1:
2
3
𝛽𝐷𝑑 −

1
3
𝛽𝐷𝑣 −

1
3
𝛽𝐷𝑒 = 0 

𝑡2:
2
3
𝛽𝐷𝑣 −

1
3
𝛽𝐷𝑑 −

1
3
𝛽𝐷𝑒 = 0 

𝑡3:
2
3
𝛽𝐷𝑒 −

1
3
𝛽𝐷𝑑 −

1
3
𝛽𝐷𝑣 = 0 

Table 8-7: Sensitivity analysis for the Dummy method. 
Statistic mean median sd 95% Lcl 95% Ucl 
�̂�𝐷𝑑 -0.16 -0.16 0.25 -0.65 0.33 
�̂�𝐷𝑣 -0.40 -0.39 0.27 -0.94 0.14 
�̂�𝐷𝑒 0.17 0.18 0.29 -0.40 0.79 
t1 -0.03 -0.03 0.21 -0.44 0.39 
t2 -0.27 -0.27 0.23 -0.74 0.18 
t3 0.30 0.30 0.23 -0.14 0.76 

 

Table 8-7 shows the values of �̂�𝐷𝑑,  �̂�𝐷𝑣 , �̂�𝐷𝑣 and the test statistics from the 

hypothesis tests. From these we find no evidence that our assumption is incorrect. 

 

8.14 Assumptions of the Dummy Method 

The dummy method has three assumptions. These assumptions are: 

1) That we know the specific effects of the intervention. Unless this is known a 

priori we cannot confidently identify a dummy variable. 

2) That the assignment effect is the same in both the health outcomes and the 

dummy variables.  

3) That we can relate a change due to the assignment effect in the dummy 

variables to the change due to the assignment in the health outcomes. 

8.15  Discussion of the Dummy Approach 

Because RCT’s in a community setting are generally expensive to run, in practice the 

most important specific mechanisms through which intervention affects the outcome 

are known or hypothesised before the trial. This often means appropriate dummy 

variables can be found.  The ethical considerations of this approach need some 
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consideration, because in order to achieve the desired effect with dummy outcomes, it 

is necessary that the participants believe (falsely) in the efficacy of the intervention 

with respect to the dummy health outcomes. 

 

 

The second assumption of the dummy approach (above) is that the assignment effect 

is the same in both the health outcomes and dummy variables. This is similar to the 

assumptions that are commonly made in other types of studies. In particular, as we 

noted in Section 7.4, our assumption is that it is the same assignment effect on the 

same people, at the same time, with the same intervention, acting on different 

outcomes. In comparison, the assumption in a gold standard double-blinded RCT, is 

that assignment effects are the same between the treatment and control groups. This is 

that same assignment effect acting on different groups of the same population, at the 

same time, with a similar ‘looking’ intervention on the same outcome. Another 

comparison is with Hörbjartsson’s assumption in meta-analysis of “placebo 

interventions”, which assumes assignment effects are equal, in different groups, at 

different times, with different looking treatments (all are inactive), acting on different 

outcomes.11 

 

The third assumption of the dummy approach above is that we can relate a change due 

to the assignment effect in the dummy variables to the change due to the assignment 

in the health outcomes. This may appear trivial, but it is not. We provided two 

suggestions of how this relationship can be implemented in Section 3.9. For Y and D 

binary we chose to assume that the assignment effect in both was a change in the log 

odds ratio. For Y and D normal variables, we choose to assume that 

𝑃(𝐷 > 𝜇𝐷 + 𝛽𝐷|𝑍 = 0) = 𝑃(𝑌 > 𝜇𝑌 + 𝛾𝑌𝑋|𝑍 = 0) . 

These choices were made because they were convenient for those distributions, not 

due to any knowledge of this underlying relationship. In general, this relationship will 

have to be assumed.  

 

When the assumptions are correct, the dummy approach has many advantages as we 

discussed in Section 3.9. For example it gives unbiased estimators for β and A.  

We chose dummy variables that we expect to have a similar assignment effect to the 

intervention. By choosing the dummy variables in this manner we are choosing 
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outcomes that model our second and preferred definition of the assignment effect. The 

knowledge needed to choose a dummy variable can come from either the literature or 

expert opinion. This also makes it plausible to add informed priors for the effect of the 

intervention on the dummy variables to our model and hence improve the precision of 

the estimates. Due to ethical requirements, many RCT’s that are well powered and 

show no effect are published now and this provides some ready examples of potential 

dummy variables. 

 

The estimator �̂�(Dummy) has more variation than the biased estimator �̂�(ITT), but 

variance of the estimator 𝐴 � can be reduced by including more dummy variables, this 

is without adding to the trial sample size. The use of more dummy outcomes would 

also allow greater testing of the consistency of the assignment effect across the 

dummy outcomes. It is also possible to make better use of the dummy outcomes by 

combining them with the susceptibility approach and this will be described in the next 

chapter. 

 

8.16 Method 3: Measured Intermediate Variables Method 

In Chapters Three and Six, we described how in most randomised community trials 

the intervention can be seen as acting through intermediate variables. In the design of 

the Heating Study the intervention of installing the new heaters was thought to 

improve health through four primary channels. Firstly, the new heaters should raise 

the temperature. Second, the replacement of the old heaters, especially where these 

were unflued gas heaters, should lower the level of exposure to the air pollutant NO2. 

Thirdly the new heater should reduce the humidity. Fourthly, as the new heaters were 

more efficient to run, there should be a small improvement in disposable income.  

Fifthly, there is the possibility of some interaction between the effect of temperature 

and NO2.  With this in mind, detailed measurements were made of temperature and 

NO2, but unfortunately we were unable to accurately measure changes in humidity or 

disposable income.  

 

The model from the measured intermediate variables method is described in Section 

3.11 and reproduced in Figure 8-6.  
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Figure 8-6: DAG of the measured intermediate variables model 

 
There are two linear predictors in this model 

 

𝜂𝑌 = 𝜇𝑌 + 𝛽𝑌𝑍 + 𝜅𝑌𝑀𝑌 + 𝜏𝑌𝑌−1 

𝜂𝑀𝑌 = 𝜇𝑀𝑌 + 𝛿𝑀𝑌𝑍 

with 

�̂� = �̂�𝑌∆𝑀��𝑌 

A�(X) =  Δ�̂�𝑌 − �̂�𝑌∆𝑀��𝑌 = �̂�𝑌 

 

The intermediate variables method assumes that most of the intervention effect works 

completely though measured intermediate variables and the assignment effect works 

completely through the unmeasured variables.  

 

In the Heating Study example, Z the intervention is known, for Y we use the same 

binary outcome measure as before (cough) and for 𝑀𝑌 we will use exposure to 

temperature and exposure to NO2. 

 

We also seek to work out the change in exposure to temperature and NO2 caused by 

the intervention, how exposure to temperature and NO2 affects cough and hence how 

the intervention effects cough. 

Z 

Y 

M 

Y-1 
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The exposure to NO2 is measured as a log scale as described in Chapter Five. 

Exposure to low temperatures is measured as the average exposure to temperatures 

below 9°C in the childrens’ bedrooms as described in detail in Chapter Six.  

 

Therefore in the Heating Study, we have two measured intermediate variables 

exposure to temperature (T) and exposure to nitrogen dioxide (𝑁𝑂2). Hence to 

calculate �̂�𝑌1 and �̂�𝑌2 and we fit the model with the linear predictor: 

 

𝜂𝑌 = 𝜇𝑌 + 𝛽𝑌𝑍 + 𝜅𝑌1𝑀𝑌𝑇 + 𝜅𝑌2𝑀𝑌𝑁𝑂2 + 𝜏𝑌𝑌−1 

 

To calculate 𝛿𝑇 and 𝛿𝑁𝑂2 we fit 

𝜂𝑇 = 𝜇𝑇 + 𝛿𝑇𝑍 

𝜂𝑁𝑂2 = 𝜇𝑁𝑂2 + 𝛿𝑁𝑂2𝑍 

 Because both exposure to temperature and NO2 are normally distributed, and hence 

the identity link is used in modelling MY, so 𝛥𝑀�𝑇 = 𝛿𝑇 and 𝛥𝑀�𝑁𝑂2 = 𝛿𝑁𝑂2. 

This means our estimators are 

 

�̂� = �̂�𝑌1 𝛥𝑀�𝑇 + �̂�𝑌2 𝛥𝑀�𝑁𝑂2 

A� = �̂�𝑌 
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8.17  Results of the Measured Intermediate Variables Method 

The results for this method with ‘cough’ as the outcome are presented in Table 8-8. 

 
Table 8-8: Results of the measured intermediate variables method for ‘cough’ 
 
Parameters mean median sd 95% Lcl 95% Ucl 

𝜇𝑌 0.19 0.20 0.45 -0.75 1.03 
𝛽𝑌 -0.43 -0.42 0.28 -0.95 0.11 
𝜅𝑌1 1.06 1.01 0.69 -0.18 2.52 
𝜿𝒀𝟐 0.34 0.33 0.15 0.07 0.65 
𝝉𝒀 -1.85 -1.83 0.38 -2.64 -1.15 
𝜹𝑻 -0.09 -0.09 0.03 -0.14 -0.03 
𝜹𝑵𝑶𝟐 -0.60 -0.60 0.10 -0.81 -0.40 

deviance 1241.01 1240 4.84 1234 1252 
      

𝜷� -0.30 -0.29 0.12 -0.56 -0.08 
�̂� -0.43 -0.42 0.28 -0.95 0.11 

 

The results of the measured intermediate variables method with ‘cough’ as the 

outcome are shown in The results for this method with ‘cough’ as the outcome are 

presented in Table 8-8. 

 

Table 8-8. The estimate of the intervention effect �̂�(Intermediate variables) is -0.30 (-

0.56 to -0.08). This is less than any of the other methods. In contrast, the estimate of 

the assignment effect �̂�  is greater than either of the other two methods. Again, here 

we have no estimate of X so �̂� cannot allow for the variation in X. 

8.18  Discussion of the Measured Intermediate Variables 
Method 

The measured intermediate variables method is easy to conceptualise. This method 

also yields the most information on how the intervention affects health. In the above 

example, it is easy to calculate the interventions effect through temperature as 
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�̂�𝑌1 𝛥𝑀��𝑇= 0.1 and the interventions effect through NO2 as �̂�𝑌2 𝛥𝑀��𝑁𝑂2=0.2. This 

allows us to compare the pathways of the various measured variables. 

 

The measured intermediate variables method assumes we have a complete set of 

measured intermediate variables MY and these completely describe the specific effect 

of the intervention. If this set MY is incomplete or contains measurement, we will 

underestimate the intervention effect and overestimate the assignment effect. This will 

be the case in the heating study as MY is incomplete (for example, it lacks any 

component of socio-economic status) and, as with any real life measures, there is 

likely to be a least some measurement error.  

 

Measured intermediate variables are closely related to surrogate endpoints (or 

surrogate variables). Surrogate endpoints are used to replace the true endpoint where 

the true endpoint is rare or will take a long time to be observed, and a faster or more 

frequent surrogate is available. For example, systolic blood pressure, can be used in 

some studies as a surrogate for stroke. 174 A good definition of a surrogate is provided 

by Prentice “to be a response variable for which a test of the null hypothesis of no 

relationship to the treatment groups under comparison is also a valid test of the 

hypothesis based on the true endpoint (outcome).”175 One of the key criteria for an 

adequate surrogate variable is that the outcome be independent of treatment, 

conditional on the surrogate process. This is nearly the same as our criteria that the 

measured intermediate variables must completely describe the specific effect of the 

treatment. We have defined MY as a surrogate variable for the true effect of the 

intervention on the outcome. However, MY is not a surrogate variable for the 

observed effect of the intervention on the outcome as the observed effect is not 

independent of the treatment, conditional on MY where there are non-specific or 

assignment effects.   

 

Of our three approaches, this approach is the most prescriptive in describing how the 

intervention effect works. This approach only allows intervention effects that work 

through known specific measured intermediate variables. Therefore, it is not 

surprising that the value of �̂� the estimated intervention effect is lower in this method 
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than the others. This prescriptive intervention effect and well defined pathway should 

also have less variation, although we have not shown this. 

 

Even when we know the pathway through which the intervention acts, it can be 

difficult to know the best metric of the intermediate variable that describes the 

pathway. This is the case in our example of the Heating Study where we know that 

the intervention (new heaters) affects exposure to temperature and exposure to 

temperature affects health. We have also forced the effect of the metric κY to be linear 

on the health outcome. This can be done through careful choice of the metric. For 

example in Chapter 5, we demonstrated that the log of NO2 was linearly related to 

lung function; hence it was appropriate to use logged NO2 in the model so as κY is 

linear and in chapter 6 we choose the metric of the temperature that had the best linear 

relationship with respiratory health. However, deciding on the metric that best 

describes this exposure to temperature can be difficult as seen in Chapter Six. 

 

The estimate κY comes from a model in which we have not randomised the variable of 

interest and hence this estimate is subject to confounding. We illustrated in Chapter 

Seven that confounding through the assignment effect can bias this estimate. In 

theory, this estimate of κY could also be biased by other confounders. For example if 

exposure to temperature is associated with lower incomes and lower incomes are 

associated with poorer symptoms this would increase the size of the estimated κY. 

This unknown confounding means it is particularly important to adjust for the 

baseline health outcome in this model as this may reduce the confounding. 

 

This potential for unknown confounding means that �̂� in this approach, is a measure 

of an association rather than causal relationship. 

8.19  Key Points of Interest from this Chapter 

All three methods are potentially valuable and give point estimates that may be useful 

in estimating the assignment susceptibly and effect size. Equally, all three methods 

suffer from some important limitations. 

In particular, the choice of variables as; a proxy for the susceptibility, dummy 

variables and measured intermediate variables should be made on wherever possible it 
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should be based on evidence (and only where evidence is lacking, on expert opinion) 

as well as practicality.. Different choices of these variables, and the various modelling 

assumptions that accompany them, will lead to different estimates of the intervention 

and assignment effects in a given study.  Therefore, the results from these models 

constitute a sensitivity analysis in which the magnitude of possible assignment effects 

can be estimated under different scenarios.  

 

The focus of the next chapter is to look at the models which will combine these 

methods. 
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9 The Combined Models 
In the previous chapter, we looked at the three basic approaches to yield estimates of 

the intervention effect and the assignment effect. Here we examine two combinations 

of these approaches. The first approach is the combined model which is the 

combination of the susceptibility and dummy models. We present this model because 

it contains only assumptions we feel are tenable in the context of the Heating Study. 

The second approach in this chapter is the full model. This model is the closest to our 

complete representation of all the factors influencing the health outcome using only 

measured variables. Finally, in this chapter we compare the estimates of the 

intervention and assignment effects presented in the project.   

9.1 Combining the Susceptibility and the Dummy Methods 
(Combined Method) 

In Section 3.11 we examine the combined model which is based only on assumptions 

that are tenable in the Heating Study. This is a natural combination because it is a 

simple extension of the two methods. It also addresses a limitation of the dummy 

approach, which is that no discrimination is available for the strength of the 

assignment effects for differing levels of susceptibility. For the susceptibility 

approach the combined approach addresses a limitation, which is that a neutral level 

of S, S0 must be known. 

 

Recalling from Section 3.11 the DAG, linear predictors, and estimators from the 

combined method are as follows:  
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Figure 9-1: DAG for the combined model with baseline adjustment 

 
 

In Figure 9-1we have two outcomes and hence two linear predictors 

𝜂𝑌 = 𝜇𝑌 + 𝛼𝑌𝑆 + 𝛽𝑌 𝑍 + 𝛾𝑌𝑆:𝑍 + 𝜏𝑌Y−1 

𝜂𝐷 = 𝜇𝐷 + 𝛼𝐷𝑆 + 𝛽𝐷 𝑍 + 𝛾𝐷𝑆:𝑍 + 𝜏𝐷D−1 

 

Because we assume that the assignment effects through S, are the same in both Y and 

D. We can assume that 𝛾𝑌 = 𝛾𝐷 = γ.  Furthermore, because 𝛥𝜂𝐷 = 𝛽𝐷 + γ𝑆:𝑍  is the 

assignment effect in D and we assume that the assignment effect is a constant for all 

dummy variables. Then 𝛽𝐷 is a constant for all D. This means the linear predictors 

are: 

 

𝜂𝑌 = 𝜇𝑌 + 𝛼𝑌𝑆 + 𝛽𝑌 𝑍 + γ𝑆:𝑍 + 𝜏𝑌Y−1 

𝜂𝐷 = 𝜇𝐷 + 𝛼𝐷𝑆 + 𝛽𝐷 𝑍 + γ𝑆:𝑍 + 𝜏𝐷D−1 

and the estimators are: 

�̂� (𝐷𝑢𝑚𝑚𝑦) = ∆�̂�𝑌 − ∆�̂�𝐷 = �̂�𝑌 − �̂�𝐷 and  

�̂�(𝑆)(𝐷𝑢𝑚𝑚𝑦) = ∆�̂�𝐷 = �̂�𝐷 + 𝛾�𝐷𝑆 

 

We assumed that 𝛾𝑌 = 𝛾𝐷 = γ; this means γ is the same in all the linear predictors for 

the dummy variables and also γ is the same in all the linear predicators for the health 

outcomes. Hence, assuming this aspect of the model holds, it makes sense to use as 

many dummy variables and health outcomes as possible in order to get the most 

accurate estimates of the parameters. 

X Z 

Y-1 Y D-1 D 

S 
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We seek to fit this model using the Heating Study data with: 

1) Y= The health outcome= the three outcomes ‘cough’ ‘wheeze’ and ‘poor health’. 

(as described in Section 8.2); 

 2) S= The proxy for assignment susceptibility. We use the variable ‘House changes 

for asthma’ (described in Section 8.7 and used here as a continuous variable that takes 

three values (0 if no changes are made, 1 if 1 change is made and 2 if 2 or more 

changes are made); 

3) 3) D= The dummy variable. Three outcomes variables are used: diarrhoea, 

vomiting and ear infections (as described in Section 8.12, shown below with 

subscripts d, v and e respectively). 

 

The linear predictors are now: 

 
𝜂𝑌𝑐 = 𝜇𝑌𝑐 + 𝛼𝑌𝑐𝑆 + 𝛽𝑌𝑐 𝑍 + γ𝑆:𝑍 + 𝜏𝑌𝑐Y−1 

𝜂𝑌𝑤 = 𝜇𝑌𝑤 + 𝛼𝑌𝑤𝑆 + 𝛽𝑌𝑤 𝑍 + γ𝑆:𝑍 + 𝜏𝑌𝑤Y−1 

𝜂𝑌𝑝 = 𝜇𝑌𝑝 + 𝛼𝑌𝑝𝑆 + 𝛽𝑌𝑝 𝑍 + γ𝑆:𝑍 + 𝜏𝑌𝑝Y−1 

 

𝜂𝐷𝑑 = 𝜇𝐷𝑑 + 𝛼𝐷𝑑𝑆 + 𝛽𝐷 𝑍 + γ𝑆:𝑍 + 𝜏𝐷𝑑D−1 

𝜂𝐷𝑣 = 𝜇𝐷𝑣 + 𝛼𝐷𝑣𝑆 + 𝛽𝐷 𝑍 + γ𝑆:𝑍 + 𝜏𝐷𝑣D−1 

𝜂𝐷𝑒 = 𝜇𝐷𝑒 + 𝛼𝐷𝑒𝑆 + 𝛽𝐷 𝑍 + γ𝑆:𝑍 + 𝜏𝐷𝑒D−1 

With 

�̂� (𝐷𝑢𝑚𝑚𝑦) = �̂�𝑌 − �̂�𝐷  

�̂�(𝑆)(𝐷𝑢𝑚𝑚𝑦) = �̂�𝐷 + 𝛾�𝑆 
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9.2 Results of the Combined Model 

When we calculate this estimated value of the parameters and the estimators for the 

intervention and assignment effects, we get the results in Table 9-1. These are the 

most tenable results that allow for the placebo effect in the Heating Study. 
Table 9-1: The results of the combined method 
 
Parameters mean median sd 95% Lcl 95% Ucl 

𝝁𝑫𝒅 -1.38 -1.38 0.23 -1.85 -0.95 
𝝁𝑫𝒗 -1.44 -1.43 0.25 -1.96 -0.98 
𝝁𝑫𝒆 -1.78 -1.78 0.26 -2.29 -1.28 
𝜇𝑌𝑐 -0.70 -0.68 0.40 -1.51 0.06 
𝝁𝒀𝒘 -0.98 -0.98 0.23 -1.43 -0.51 
𝝁𝒀𝒑 -2.50 -2.47 0.38 -3.28 -1.80 
𝜷𝒀𝒄 -0.72 -0.71 0.28 -1.32 -0.19 
𝛽𝑌𝑤 -0.37 -0.37 0.27 -0.91 0.16 
𝛽𝑌𝑝 -0.46 -0.45 0.43 -1.29 0.37 
𝛽𝐷 -0.10 -0.10 0.20 -0.49 0.31 
γ -0.06 -0.06 0.15 -0.37 0.24 
𝝉𝒀𝒄 1.82 1.82 0.38 1.05 2.56 
𝝉𝒀𝒘 1.26 1.24 0.24 0.80 1.75 
𝝉𝒀𝒑 1.90 1.90 0.39 1.14 2.68 
𝝉𝑫𝒗 0.85 0.83 0.26 0.35 1.39 
𝝉𝑫𝒅 1.61 1.61 0.27 1.09 2.15 
𝝉𝑫𝒆 1.96 1.97 0.30 1.36 2.56 
𝛼𝑌𝑐 0.29 0.28 0.21 -0.10 0.72 
𝛼𝑌𝑤 0.39 0.39 0.18 0.05 0.76 
𝛼𝑌𝑝 -0.03 -0.03 0.26 -0.53 0.50 
𝛼𝐷𝑣 0.35 0.35 0.18 0.00 0.72 
𝛼𝐷𝑑 0.07 0.06 0.19 -0.28 0.45 
𝛼𝐷𝑒 -0.13 -0.12 0.21 -0.56 0.27 

deviance 1950.85 1950 6.95 1940 1966 
      

𝜷�𝒄 -0.62 -0.61 0.31 -1.24 -0.02 
�̂�𝑤 -0.28 -0.28 0.30 -0.9 0.28 
�̂�𝑝 -0.36 -0.35 0.44 -1.2 0.49 

�̂�(S=0) -0.10 -0.10 0.20 -0.49 0.31 
�̂� (S=1) -0.16 -0.16 0.17 -0.48 0.18 
�̂� (S=2) -0.23 -0.22 0.25 -0.71 0.27 

 

In Table 9-1 we can see the results of fitting the combined model. In this model we 

report three values for �̂� (S), �̂�(S=0), �̂�(S=1) �̂�(S=2). These are the values of the 
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assignment effect at S=0, 1, 2. The equation for the assignment effect A(S) is 

�̂�𝐷 + 𝛾�𝑆 = −0.10 − 0.06(S). We also report the intervention effect for ‘cough’, 

‘wheeze’ and ‘poor health’. Of these only the interventions effect on ‘cough’ is 

significantly different for zero �̂�𝑐 = −0.62 (−1.24 to − 0.02). 

 

9.3 Testable Assumptions of the Combined Method 

Because some of our assumptions added constraints to the model these constraints can 

be tested. The constraints we can test are: 

 

1) 𝛾𝑌 = 𝛾𝐷 = γ  for all dummy outcomes in D and for all health outcomes in Y.  

2)  𝛽𝐷 is a constant for all dummy outcomes in D. 

 

We test these assumptions by removing the constraints and by the calculating the test 

statistics shown below: 
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If any of these test statistics are significantly different from zero in the unconstrained 

model this would indicate that the corresponding assumption may be invalid. The 

values of these test statistics in the unconstrained model are given in Table 9-2. 
 

Table 9-2: Testing the assumptions of the combined model 
 
Statistic mean median sd 95% Lcl 95% Ucl 
t1 -0.59 -0.60 0.36 -1.29 0.11 
t2 -0.24 -0.25 0.32 -0.84 0.39 
t3 0.49 0.50 0.49 -0.48 1.45 
t4 0.01 0.02 0.34 -0.66 0.69 
t5 0.32 0.32 0.31 -0.30 0.87 
t6 0.00 0.03 0.38 -0.75 0.74 
t7 -0.24 -0.24 0.33 -0.87 0.39 
t8 -0.18 -0.18 0.33 -0.82 0.48 
t9 0.42 0.43 0.34 -0.26 1.04 

 

Table 9-2 shows the results of the test statistics for t1 through t9. These were obtained 

by fitting the unconstrained model to Heating Study data. None of these statistics are 

significantly different to zero and hence there is no indication our assumptions, of 

equal γ for all Y and D and βD is constant for all dummy variables D are invalid. 

9.4 Discussion of the Combined Approach 

This combined approach clearly inherits many of the assumptions of the susceptibly 

and dummy approaches: 

 

1) The combined approach requires the use of a proxy or surrogate measure. If 

such a measure is not available, then this approach cannot be used.  As with 

the susceptibility approach demonstrated in Section 7.2, even when a 

measured proxy is available the estimators for the intervention effect and the 

assignment effect depend on how well this proxy correlates with the 

unmeasured assignment susceptibility. 

2) We need to know the specific effects of the intervention. Unless this is known 

a priori we cannot confidently identify a dummy variable. 

3) The assignment effect needs to have the same effect on both the health 

outcomes and the dummy variables.  
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4) We can relate a change due to the assignment effect in the dummy variables to 

the change due to the assignment in the health outcomes. 

 

There is an important difference between how the proxy variable S is used in the 

susceptibility method and how S is used in the combined method. In order for the 

susceptibility method to give an unbiased estimator of the intervention effect, S must 

completely describe the variation in X. In contrast, for the combined approach the 

estimator of the intervention effect is unbiased, if the assumptions from the dummy 

method are true (assumption 3 and 4 above). Where S only partially describes 

variation in X, which is the case in the Heating Study, then the reported spread in the 

assignment effect due to S, represents the spread that is due to that bit of the variation 

in X that S does describe. 

   

Additionally, we can test the assumption that the assignment effect described by S is 

the same in all the variables by testing whether 𝛾𝑌 = 𝛾𝐷 = γ 𝑓𝑜𝑟 𝑎𝑙𝑙 𝐷 𝑎𝑛𝑑 𝑌. This 

partially tests the assumption that the assignment effect is the same in both Y and D.  

 

In the susceptibility approach, even where a proxy is chosen that is well correlated 

with the assignment susceptibility, choosing the value of S that has no assignment 

effects, S0 is difficult. However, in the combined approach this known value is not 

needed.   

 

The combined approach also has the advantage that it describes the size of the 

assignment effect in those participants we have identified as most likely to display 

assignment effects. As we noted before this may be of interest, because of the health 

benefits associated with placebo effects. 

  

9.5 The Full model: Combining all Three Approaches 

While the combined model is our preferred model for the Heating Study as all the 

assumptions in it are tenable. To demonstrate the full model we make the one more 

assumption that the effects of the measured intermediates variables (temperature and 

nitrogen dioxide) on the health outcomes can be unbiasedly estimated. This 
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assumption also allows us use to use the full model which is closely to our 

representation for and shown in Figure 3-4. The Dag and linear predictors of the full 

model are shown below. 
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Figure 9-2: The DAG of the full model. 

 
This model has three outcomes and hence three linear predictors: 

𝜂𝑀𝑌 = 𝜇𝑀𝑌 + 𝛼𝑀𝑌𝑆 + 𝛿𝑀𝑌  𝑍 + 𝛾𝑀𝑌𝑆:𝑍 

𝜂𝐷 = 𝜇𝐷 + 𝛼𝐷𝑆 + 𝛽𝐷𝑍 + 𝛾𝐷𝑆:𝑍 + 𝜅𝐷𝑀𝑌 + 𝜏𝐷𝐷−1 

𝜂𝑌 = 𝜇𝑌 + 𝛼𝑌𝑆 + 𝛽𝑌𝑍 + 𝛾𝑌𝑆:𝑍 + 𝜅𝑌𝑀𝑌 + 𝜏𝑌𝑌−1 

And hence three contrasts: 

𝛥𝜂𝑀𝑌 = 𝛿𝑀𝑌 + 𝛾𝑀𝑌𝑆 

𝛥𝜂𝐷 = 𝛽𝐷 + 𝛾𝐷𝑆 + 𝜅𝐷𝛥𝑀�Y(𝑆) 

𝛥𝜂𝑌 = 𝛽𝑌 + 𝛾𝑌𝑆 + 𝜅𝑌𝛥𝑀�Y(𝑆) 

 

In Section 3.12 we partitioned 𝛥𝜂𝑌 into the intervention effect β(S), and the 

assignment effect A(S). In Section 3.12, we also saw that by making some of the 

available assumptions we could add constraints to the linear predictor and simplify the 

form of �̂�(𝑆)and A�(𝑆). In the Heating Study, we chose to assume that κD =0 , 

𝛾𝑌 = 𝛾𝐷 = γ and 𝑆0 = −𝛽𝐷
𝛾

 With these assumptions our estimators were: 

Z S 

MY 

D Y 

Dummy 
outcomes 

Health 
outcomes 

D-1 Y-1
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𝛽(𝐹𝑢𝑙𝑙) = 𝛽𝑌 − 𝛽𝐷 + 𝜅𝑌𝛥𝑀�Y(−
𝛽𝐷
𝛾

) 

𝐴(𝑆)(𝐹𝑢𝑙𝑙) = 𝛽𝐷 + γ𝑆 + 𝜅𝑌𝛥𝑀�Y(𝑆) − 𝜅𝑌𝛥𝑀�Y(−
𝛽𝐷
𝛾

) 

In the Heating Study, My consists of two variables, exposure to temperature (T) and 

exposure to Nitrogen dioxide (NO2). In Chapters Five and Six we defined these 

exposures and saw that the health effects of T and NO2 are independent and both 

exposures are approximately normally distributed.  This gives:  

 

𝜂𝑌 = 𝜇𝑌 + 𝛼𝑌𝑆 + 𝛽𝑌𝑍 + 𝛾𝑌𝑆:𝑍 + 𝜅𝑌𝑇𝑇𝑌 + 𝜅𝑌𝑁𝑂2𝑁𝑂2 + 𝜏𝑌𝑌−1 

 

Just as for �̂�𝑌 in Section 3.14, �̂�𝑌𝑇 and �̂�𝑌𝑁𝑂2 may be confounded, if either S is not a 

perfect proxy for X or if there is unknown confounding. 

Because MY is normal we use an identity link function for T~N(𝜂𝑇 ,𝜎𝑇2) and 

NO~N(𝜂𝑁𝑂 ,𝜎𝑁𝑂2 )). Because there are also no health effects from the interaction of 

NO2 and T (this is seen in Chapters 5 and 6) we can set: 

 

 𝛥𝑀Y = 𝛥𝜂𝑀𝑌 = 𝛥𝜂𝑇 + 𝛥𝜂𝑁𝑂2 

 

where 

𝜂𝑇 = 𝜇𝑇 + 𝛼𝑇𝑆 + 𝛿𝑇 𝑍 + 𝛾𝑇𝑆:𝑍 

𝜂𝑁𝑂2 = 𝜇𝑁𝑂2 + 𝛼𝑁𝑂2𝑆 + 𝛿𝑁𝑂2  𝑍 + 𝛾𝑁𝑂2𝑆:𝑍 

 

It is important to remember the assumptions we made in Section 3.12. There we 

assumed κD =0 𝛾𝐷=𝛾𝑌 = 𝛾 and 𝑆0 = −𝛽𝐷
𝛾

.  
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Therefore the linear predictors are: 

 

𝜂𝑌 = 𝜇𝑌 + 𝛼𝑌𝑆 + 𝛽𝑌𝑍 + 𝛾𝑆:𝑍 + 𝜅𝑌𝑇T + 𝜅𝑌𝑁𝑂2𝑁𝑂2 + 𝜏𝑌𝑌−1 

𝜂𝐷 = 𝜇𝐷 + 𝛼𝐷𝑆 + 𝛽𝐷𝑍 + 𝛾𝑆:𝑍 + 𝜏𝐷𝐷−1 

 

with Y=(Yc,Yw,Yp) for cough, wheeze and poor health respectively and D=(Dd, Dc, 

De) for diarrhoea, vomiting and ear infections respectively.  

The full linear predictors are: 

 

𝜂𝑇 = 𝜇𝑇 + 𝛼𝑇𝑆 + 𝛿𝑇 𝑍 + 𝛾𝑇𝑆:𝑍 

𝜂𝑁𝑂2 = 𝜇𝑁𝑂2 + 𝛼𝑁𝑂2𝑆 + 𝛿𝑁𝑂2  𝑍 + 𝛾𝑁𝑂2𝑆:𝑍 

 

𝜂𝑌𝑐 = 𝜇𝑌𝑐 + 𝛼𝑌𝑐𝑆 + 𝛽𝑌𝑐𝑍 + 𝛾𝑆:𝑍 + 𝜅𝑌𝑐𝑇T + 𝜅𝑌𝑐𝑁𝑂2𝑁𝑂2 + 𝜏𝑌𝑐𝑌−1 

𝜂𝑌𝑤 = 𝜇𝑌𝑤 + 𝛼𝑌𝑤𝑆 + 𝛽𝑌𝑐𝑍 + 𝛾𝑆:𝑍 + 𝜅𝑌𝑤𝑇T + 𝜅𝑌𝑤𝑁𝑂2𝑁𝑂2 + 𝜏𝑌𝑤𝑌−1 

𝜂𝑌𝑝 = 𝜇𝑌𝑝 + 𝛼𝑌𝑝𝑆 + 𝛽𝑌𝑝𝑍 + 𝛾𝑆:𝑍 + 𝜅𝑌𝑝𝑇T + 𝜅𝑌𝑝𝑁𝑂2𝑁𝑂2 + 𝜏𝑌𝑝𝑌−1 

 

𝜂𝐷𝑑 = 𝜇𝐷𝑑 + 𝛼𝐷𝑑𝑆 + 𝛽𝐷𝑍 + 𝛾𝑆:𝑍 + 𝜏𝐷𝑑𝐷−1 

𝜂𝐷𝑣 = 𝜇𝐷𝑣 + 𝛼𝐷𝑣𝑆 + 𝛽𝐷𝑍 + 𝛾𝑆:𝑍 + 𝜏𝐷𝑣𝐷−1 

𝜂𝐷𝑒 = 𝜇𝐷𝑒 + 𝛼𝐷𝑒𝑆 + 𝛽𝐷𝑍 + 𝛾𝑆:𝑍 + 𝜏𝐷𝑒𝐷−1 

Where 

𝑆0 = −
𝛽𝐷
𝛾

 

𝜅𝑇 = 𝛿𝑇 + 𝛾𝑇𝑆 

𝜅𝑁𝑂2 = 𝛿𝑁𝑂2 + 𝛾𝑁𝑂2𝑆 

This means 

�̂�(𝐹𝑢𝑙𝑙) = �̂�𝑌 − �̂�𝐷 + �̂�𝑇  �𝛿𝑇 − 𝛾�𝑇
�̂�𝐷
𝛾�
� + �̂�𝑁𝑂2  �𝛿𝑁𝑂2 − 𝛾�𝑁𝑂2

�̂�𝐷
𝛾�
� 

�̂�(𝑆)(𝐹𝑢𝑙𝑙) = �̂�𝐷 + γ�𝑆 + �̂�𝑇𝛾�𝑇  �𝑆 −
�̂�𝐷
𝛾�
� + �̂�𝑁𝑂2𝛾�𝑁𝑂2  �S −

�̂�𝐷
𝛾�
� 
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9.6 Results of the Full Model 

The results of using the model above for the Heating Study are presented in Table 9-3 
Table 9-3: The results of the full model 
Statistic mean median sd 95% Lcl 95% Ucl 

𝝁𝑻 0.20 0.20 0.03 0.15 0.26 
𝝁𝑵𝑶𝟐  2.85 2.85 0.11 2.62 3.07 
𝛼𝑇  -0.04 -0.04 0.03 -0.10 0.01 
𝛼𝑁𝑂2 -0.07 -0.07 0.11 -0.29 0.14 
𝜹𝑻 -0.14 -0.14 0.04 -0.23 -0.07 
𝜹𝑵𝑶𝟐  -0.62 -0.62 0.17 -0.95 -0.30 
𝝈𝑻 0.24 0.24 0.01 0.22 0.26 
𝝈𝑵𝑶𝟐  0.95 0.95 0.04 0.88 1.03 
𝛾 -0.11 -0.10 0.16 -0.42 0.20 
𝛾𝑇 0.06 0.06 0.04 -0.02 0.13 
𝛾𝑁𝑂2  0.03 0.03 0.15 -0.27 0.33 
𝜅𝑌𝑐𝑇  0.74 0.73 0.69 -0.52 2.17 
𝜿𝒀𝒄𝑵𝑶𝟐  0.37 0.36 0.15 0.07 0.67 
𝜅𝑌𝑤𝑇  0.19 0.19 0.54 -0.88 1.21 
𝜅𝑌𝑤𝑁𝑂2  0.12 0.12 0.14 -0.16 0.37 
𝜅𝑌𝑝𝑇  -1.19 -1.14 0.98 -3.34 0.59 
𝜅𝑌𝑝𝑁𝑂2  0.17 0.16 0.21 -0.23 0.54 
𝜶𝒀𝒄  0.37 0.36 0.20 0.00 0.78 
𝛼𝑌𝑤  0.32 0.32 0.19 -0.04 0.68 
𝛼𝑌𝑝  -0.05 -0.06 0.28 -0.60 0.48 
𝜶𝑫𝒗  0.41 0.41 0.19 0.03 0.78 
𝛼𝐷𝑑  0.14 0.14 0.19 -0.25 0.52 
𝛼𝐷𝑒  -0.12 -0.12 0.23 -0.58 0.30 
𝝁𝑫𝒅  -1.33 -1.31 0.24 -1.83 -0.90 
𝝁𝑫𝒗  -1.40 -1.40 0.26 -1.93 -0.92 
𝝁𝑫𝒆  -1.79 -1.79 0.28 -2.33 -1.23 
𝝁𝒀𝒄  -1.91 -1.91 0.62 -3.07 -0.72 
𝜇𝑌𝑤  -0.89 -0.87 0.51 -1.92 0.07 
𝝁𝒀𝒑  -2.85 -2.85 0.72 -4.25 -1.50 
𝛽𝐷 -0.08 -0.08 0.2 -0.50 0.31 
𝛽𝑌𝑐 -0.47 -0.46 0.29 -1.05 0.09 
𝛽𝑌𝑤 -0.25 -0.25 0.29 -0.82 0.33 
𝛽𝑌𝑝 -0.27 -0.28 0.45 -1.16 0.61 
𝝉𝒀𝒄  1.83 1.82 0.39 1.14 2.65 
𝜏𝑌𝑤  0.13 0.13 0.28 -0.39 0.66 
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𝝉𝒀𝒑  2.02 2.02 0.42 1.18 2.81 
𝝉𝑫𝒗  0.82 0.81 0.28 0.29 1.35 
𝝉𝑫𝒅  1.54 1.54 0.27 1.04 2.08 
𝝉𝑫𝒆  1.93 1.94 0.32 1.30 2.54 

deviance 2634.3 2634 8.97 2619 2654 
      

�̂�𝑐 -0.76 -0.73 3.11 -2.08 0.57 
�̂�𝑤 -0.20 -0.27 2.02 -0.96 0.62 
�̂�𝑝 -0.17 -0.16 5.20 -1.39 1.59 

�̂�(S=0) -0.05 -0.01 3.09 -1.50 0.92 
�̂�(S=1) -0.10 -0.11 3.09 -1.47 1.10 
�̂�(S=2) -0.15 -0.19 3.10 -1.30 1.17 

 
Table 9-3 shows the results of the full model. We can see that none of the estimates 

for the intervention or assignment effects are significantly different to zero. However, 

the estimate of intervention effect for cough has a noticeably greater than that for poor 

health, and the direction of the assignment effect is consistent with our expectation.   

 

9.7 Testable Assumptions of the Full Model 

As before with the combined method, we can test the constraints we put on the model: 

 

First that 𝛾𝑌 = 𝛾𝐷 = γ  𝑓𝑜𝑟 𝑎𝑙𝑙 𝐷 𝑎𝑛𝑑 𝑌 

 

𝑡1:
5
6
𝛾𝑌𝑐 −

1
6
𝛾𝑌𝑤 −

1
6
𝛾𝑌𝑝 −

1
6
𝛾𝐷𝑑 −

1
6
𝛾𝐷𝑣 −

1
6
𝛾𝐷𝑒 = 0 

𝑡2:
5
6
𝛾𝑌𝑤 −

1
6
𝛾𝑌𝑐 −

1
6
𝛾𝑌𝑝 −

1
6
𝛾𝐷𝑑 −

1
6
𝛾𝐷𝑣 −

1
6
𝛾𝐷𝑒 = 0 

𝑡3:
5
6
𝛾𝑌𝑝 −

1
6
𝛾𝑌𝑐 −

1
6
𝛾𝑌𝑤 −

1
6
𝛾𝐷𝑑 −

1
6
𝛾𝐷𝑣 −

1
6
𝛾𝐷𝑒 = 0 

𝑡4:
5
6
𝛾𝐷𝑑 −

1
6
𝛾𝑌𝑐 −

1
6
𝛾𝑌𝑤 −

1
6
𝛾𝑌𝑝 −

1
6
𝛾𝐷𝑣 −

1
6
𝛾𝐷𝑒 = 0 

𝑡5:
5
6
𝛾𝐷𝑣 −

1
6
𝛾𝑌𝑐 −

1
6
𝛾𝑌𝑤 −

1
6
𝛾𝑌𝑝 −

1
6
𝛾𝐷𝑑 −

1
6
𝛾𝐷𝑒 = 0 

𝑡6:
5
6
𝛾𝐷𝑒 −

1
6
𝛾𝑌𝑐 −

1
6
𝛾𝑌𝑤 −

1
6
𝛾𝑌𝑝 −

1
6
𝛾𝐷𝑑 −

1
6
𝛾𝐷𝑣 = 0 

 

Second that 𝛽𝐷 is a constant for all the dummy outcomes  
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𝑡7:
2
3
𝛽𝐷𝑑 −

1
3
𝛽𝐷𝑣 −

1
3
𝛽𝐷𝑒 = 0 

𝑡8:
2
3
𝛽𝐷𝑣 −

1
3
𝛽𝐷𝑑 −

1
3
𝛽𝐷𝑒 = 0 

𝑡9:
2
3
𝛽𝐷𝑒 −

1
3
𝛽𝐷𝑑 −

1
3
𝛽𝐷𝑣 = 0 

 
And third that κD=0, by testing: 
  

𝜅𝐷𝑑𝑇 = 0  
𝜅𝐷𝑑𝑁𝑂2 = 0 
𝜅𝐷𝑣𝑇 = 0  
𝜅𝐷𝑣𝑁𝑂2 = 0 
𝜅𝐷𝑒𝑇 = 0  
𝜅𝐷𝑒𝑁𝑂2 = 0 

 
The results of the test statistics and the values of 𝜅𝐷 tell us where the constraints look 

justified in the Heating Study. These results are shown in Table 9-4. 

 
Table 9-4: Sensitivity analysis for the full model 
 
Statistic mean median sd 95% Lcl 95% Ucl 
t1 -0.67 -0.67 0.36 -1.37 0.04 
t2 -0.44 -0.45 0.32 -1.06 0.21 
t3 0.58 0.58 0.50 -0.47 1.58 
t4 -0.01 0.00 0.34 -0.69 0.67 
t5 0.37 0.36 0.32 -0.22 0.98 
t6 0.17 0.15 0.39 -0.55 0.98 
t7 -0.24 -0.23 0.34 -0.93 0.41 
t8 -0.14 -0.14 0.33 -0.82 0.49 
t9 0.38 0.39 0.38 -0.38 1.14 
𝜿𝑫𝒅𝑻 -1.28 -1.26 0.69 -2.70 -0.07 
𝜅𝐷𝑑𝑁𝑂2  0.07 0.07 0.14 -0.21 0.36 
𝜅𝐷𝑣𝑇  -0.30 -0.26 0.57 -1.41 0.76 
𝜅𝐷𝑣𝑁𝑂2  -0.09 -0.09 0.14 -0.35 0.19 
𝜅𝐷𝑒𝑇  1.09 1.11 0.64 -0.18 2.33 
𝜅𝐷𝑒𝑁𝑂2  -0.08 -0.08 0.17 -0.43 0.24 

 
 
The assumption 𝜅𝐷𝑑𝑇 = 0 is not supported by the data because its value is 

significantly different to zero. Because we have tested 15 hypothesis in the table we 

do not rule out that this is just a chance finding or due to confounding in the 

estimation of 𝜅𝐷𝑑𝑇. As a sensitivity analysis we ran the model with the dummy 
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outcome diarrhoea, and the results we largely unchanged except for slightly wider 

confidence limits (Results not shown, for brevity).  

 

9.8 Discussion of the Full Model Approach 

 
The full model uses all three of the basic approaches and hence inherits assumptions 

for all three. 

 

The full model assumes that: 

1) A suitable proxy S that is correlated with the assignment susceptibility is 

available. 

2) Suitable dummy variables that are not affected by the specific effects of the 

intervention are available. 

3) That the assignment effect is the same across the dummy variables and health 

outcomes.  

4) That the specific elements of the intervention are identified and measured by 

appropriate metrics. 

5) That the estimator �̂�𝑌, is not biased by unknown confounding. 

 

In practice, we should make only the assumptions that are justified. In the Heating 

Study assumption 5 was not justified and hence this method is only done for 

demonstration purposes. We could also have made two additional assumptions; of a 

known value for S0 and a complete set of measured variables but neither are tenable in 

the Heating Study and hence they were not made here.  

Unfortunately, not all specific elements can be satisfactorily measured. An example of 

such a specific element is disposable income in the Heating Study. This is because 

with the new more efficient heaters we expected that the average amount spent by 

households on heating to reduce by approximately $20 dollars per month. This money 

is, therefore available for other purposes potentially including asthma treatments. This 

change in disposable income was not measured and the relationship between a change 

in disposable income of this small magnitude and asthma is not known. Similarly, 
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humidity is likely to be a specific effect in the Heating study and this was not 

measured. 

We also fitted the models with the assumption that temperature and nitrogen dioxide 

were a complete set of measured variables. These estimators have much less variation 

and intervention effect on ‘cough’ was -0.34 (-0.60 to -0.11). The intervention effect 

on ‘poor health’ was 0.00 (-0.35 to 0.30) and the estimated assignment effect on both 

was -0.26(-0.52 to -0.01). These are understated results for ‘cough’ and ‘poor health’ 

and an overestimate of the assignment effect as any effects from the change in 

disposable income and humidity would be included as assignment effects instead of 

intervention effects.  

 

9.9  The results of all models for cough and poor health 

All the outcomes variable chosen were subjective outcomes, but of these outcome 

variables ‘poor health’ can be considered more subjective than ‘cough’. Therefore we 

would expect to see a greater change in the estimated intervention effect for ‘poor 

health’ than for ‘cough’. The estimated intervention and assignment effects are shown 

in Table 9-5 and Table 9-6 
Table 9-5: The estimators from all the methods for ‘cough’ 
Models Intervention Effect Assignment Effect 
For Cough Estimate 95% 

LCL 
95% 
UCL 

Estimate 95% 
LCL 

95% 
UCL 

ITT^  -0.67 -1.17 -0.18 NA NA NA 
Susceptibility*+ -0.43 -1.14 0.24 -0.21 -0.74 0.37 
Dummy -0.55 -1.1 0.01 -0.17 -0.45 0.13 
Intermediate 
Variables -0.30 -0.56 -0.08 -0.43 -0.95 0.11 

Combined 
Model+ -0.62 -1.24 -0.02 -0.15 -0.46 0.19 

Full model+ -0.76 -2.08 0.57 -0.11 -1.46 1.10 
^ Result for the standard analysis, which assume A(X)=0 
*Reported values are dependent on the unjustified assumption A(S0)=0 
+ Reported values for the assignment effect are from level S =𝑆̅ 
 
Table 9-5 shows the results for all our model results for ‘cough’. These results show a 

significant intervention effect -0.62 (-1.24 to -0.02) in our preferred model, the 

combined model. The intervention effect is not significant in any of the models.  
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Table 9-6: The estimators from all the methods for ‘poor health’ 
Model Intervention Effect Assignment Effect 
For Poor 
Health 

Estimate 95% 
LCL 

95% 
UCL 

Estimate 95% 
LCL 

95% 
UCL 

ITT ^ -0.77 -1.35 -0.15 NA NA NA 
Susceptibility*+ -1.06 -2.25 0.01 0.57 -0.32 1.46 
Dummy -0.37 -1.29 0.49 -0.17 -0.45 0.13 
Intermediate 
Variables -0.01 -0.31 0.31 -0.44 -1.20 0.36 

Combined 
Model+ -0.36 -1.20 0.49 -0.15 -0.46 0.19 

Full model+ -0.17 -1.39 1.59 -0.11 -1.46 1.10 
^ Result for the standard analysis, which assume A(X)=0 
*Reported values are dependent on the unjustified assumption A(S0)=0 
+ Reported values for the assignment effect are from level S =𝑆̅ 
 
Table 9-6 shows the results for all our model results for ‘poor health’. These results 

show a non-significant intervention effect -0.36 (-1.20 to 0.49) in our preferred model, 

the combined model. The intervention effect is the same as Table 9-5 in all our 

models.  

 

 
Although the Heating Study was not designed nor powered for these models, the 

assignment effects estimated in Table 9-5 and Table 9-6 are mostly in the direction we 

would expect. In comparison to the ITT method, the new approaches show a smaller 

intervention effect for ‘poor health’. In fact, our preferred model, the combined 

model, there was only a 7% reduction in the interventions effect on ‘cough’ but a 53% 

reduction in the interventions effect on ‘poor health’. 
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10    Discussion 
 

10.1 Goal 

The goal of this project is to propose methods of statistical analyses for counterfactual 

causal inference in participant-unblinded randomised controlled trials.  

 

10.2 Overview 

We have found a flexible method for describing the intervention effect in participant-

unblinded randomised community trials where biases due to the assignment effect are 

of concern. As an example, we have used the Heating Housing and Health Study 

which has the richness of data necessary to do the statistical analysis. 

When the assignment effect is included, the results of our analysis indicate that there 

was not a significant assignment effect -0.15 (-0.46 to 0.19) in our preferred model. 

There was a greater reduction in the intervention for ‘poor health’ than for ‘cough’. 

These results are what we would intuitively expect from the inclusion of the 

assignment effect in the model. This reflects the fact that the more subjective 

symptom of ‘poor health’ was affected to a greater degree by the assignment effect 

than the more evident symptom of ‘cough’. This shows the importance of carefully 

considering the assignment effect in reporting outcomes in community interventions. 

The estimated assignment effect size agrees well with that reported in other studies.12 

14  

10.3 Overview of Methods 

In this project, we have used three different basic approaches, which are the 

susceptibility approach, the dummy outcome approach and the measured intermediate 

variables approach. We also combined these approaches and proposed two final 

models: the combined model of the susceptibility and dummy outcome approaches, 

and the full model: which is combination of all three approaches. For any given study, 
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the best method depends on the data available and the assumptions that can be made. 

In our opinion, the combination of the dummy outcome and proxy method will work 

best when one cannot estimate the health effects of the measured intermediate 

variables from other data sources such as in the Heating Study. The combination of all 

three methods is likely to be best where there is a complete set of measured 

intermediate variables and the health effects of these measured intermediate variables 

are known from previous studies. 

  

10.4 The Definitions of ‘Placebo’, ‘Placebo Effects’ and 
‘Assignment Effect’ 

In the literature, the “placebo effect” is a term that refers to a number of different 

effects, depending on the situation.8 Broadly speaking, our concern is with a placebo 

effect that leads to bias in the estimate of the intervention effect in participant 

unblinded RCTs. This occurs if the placebo effect occurs through a mechanism other 

than that of the active or specific elements in an experimental trial and it has different 

effects for the treatment and control groups. In the context of randomised community 

trials, we found it useful to consider the placebo effect as an effect to be estimated 

statistically in its own right, rather than as “the effect of a defined placebo/sugar pill 

treatment”. This frees the concept of the ‘placebo effect’ that is observed from the 

need for a defined ‘placebo’. The constraint created by the need for a defined placebo 

is one of the short-comings of many clinical definitions for the ‘placebo’ effect.8 The 

removal of this need for a ‘placebo’ makes it possible to consider the placebo effect as 

a confounder in the context of statistical causality. In conclusion, we agree with 

Hröbjartsson that “Generally the conceptual and methodological confusion in the field 

of placebo is of such a magnitude that references to placebo effects are 

incomprehensible without further clarification. It might be time to stop using the term 

placebo effect and instead specify which kind of intervention one is referring to, and 

how its effect was measured.”12 

 

In this project, rather than create a new definition of the placebo effect, or select one 

definition from the existing list, we have coined the term “assignment effect”. In the 

context of randomised community trials, it is not the ‘placebo effects’ themselves that 
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introduce bias, rather, it is the contrast or difference between the placebo effects in the 

treatment arm and the placebo effects in the control arm that cause this bias. 

Therefore, we define this contrast in placebo effects as the “assignment effect”. It is 

important to remember that this definition includes both actual and reported health 

effects. 

 

Broadly speaking, our estimation approaches reflect the two definitions of the 

assignment effect:  1) The assignment effect is the contrast between the health 

outcomes in the treatment and control groups, caused by non-specific elements of the 

treatment. 2) The assignment effect is the contrast between the health outcomes in the 

treatment and control groups unexplained by the specific elements of the treatment. 

 

Evidence that these are easier definitions to work with can be seen in the classic 

double-blinded RCT, where placebo effects are present and equal in both arms of the 

study hence the assignment effect is zero. Therefore, a classic double-blind RCT has 

placebo effects, but no assignment effect. These definitions also provide greater 

clarity, because while there are many ‘placebo effects’, there is only one contrast and 

hence one assignment effect. 

10.5  Discussion of the Key Approaches 

We have shown that if the assignment effect is present in a participant-unblinded 

RCT, then the standard ITT analysis will produce a biased result.14 In order to 

minimise this bias we have described three new approaches to estimation. 

 

Firstly, we noted that the assignment effect is likely to vary by the individual.44 45 This 

individual assignment susceptibility is likely to be complex and unmeasureable, 

hence only a proxy measure of this susceptibility can be found. The advantages, 

assumptions and limitations of an estimation approach that incorporates a proxy 

variable are discussed in detail in Chapter Eight. Briefly, we showed that any positive 

correlation between the proxy and the underlying assignment susceptibility will 

reduce bias and that the closer this proxy correlates with the actual assignment 

susceptibility, the greater the reduction in bias. When the susceptibility method was 

used on its own, the results and the interpretation of them were highly dependent on 
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the particular proxy used. In general, when this method is used on its own the 

estimation of the assignment effect is restricted to that part of the overall assignment 

effect explained by S. We envisage that any S chosen, will at best measure an 

important part of what is a complex and multivariate concept of assignment 

susceptibility. In the presentation of this project we have endeavoured to make this 

clearer by using notation that separates the measurement made from the factor being 

measured, using S for the proxy and X for the underlying concept. Another difficulty 

when using the susceptibility method alone is that it requires the use of a known 

neutral value for S.   

 

When the susceptibility approach is combined with the other approaches it should 

improve the model precision and remove the need for this neutral value of S. In these 

combined and full models it is important to remember that the variation in the 

assignment effect due to S only affects that part of the assignment effect that is 

described by S. 

 

The second approach is the dummy outcome method. The advantages, assumptions 

and limitations of this method are discussed in Chapter Eight. Briefly, from a previous 

study by our group (the Housing Insulation and Health Study)176 it was known that 

there was the potential for biased estimated health effects arising from an assignment 

effect. In the design of the Heating Study, in order to estimate if there was likely to be 

confounding due to an assignment effect, three dummy outcomes were included. 

These dummy outcomes were chosen because they were hypothesised to be as 

sensitive to placebo effects as the health outcomes, but were in fact unaffected by the 

specific mechanisms of the Heating Study. These specific mechanisms included 

increased temperature and lower nitrogen dioxide levels in the air. 

 

The third approach we demonstrated was the measured intermediate variables 

method. The advantages, assumptions and limitations of this approach are discussed 

in Chapter Eight. Briefly, in this method we sought to look at the effect of the specific 

mechanisms, with a goal of then adjusting the intervention effects for the specific 

effects. Whilst this is intuitively appealing, it is difficult to find appropriate measured 

intermediate variables in the context of community trials, as there are likely to be a 

large number of subtle mechanisms.  
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For the best results, this method should be applied where: 1) The specific mechanisms 

are known and have easily measured intermediate variables and 2) A causal estimate 

of the effect of these mechanisms on the health outcomes is available. This second 

assumption is unlikely to be satisfied and hence we often have to estimate the effect 

of changes in the measured variables on the outcomes from the data. This can 

introduce confounding as we illustrated in Chapter Three. In our worked example of 

the Heating Study, we also illustrated that choosing how (or by what metric) to 

measure the intermediate variables can be difficult, and knowing all the specific 

elements in advance may be difficult. In fact, the detailed study of temperature in the 

Heating Study (see Chapter 6) indicated that there may be other intermediate variables 

between the measured intermediate variable and the health outcome. Specifically, 

exposure to low temperatures may not have direct respiratory effects but may act 

through related factors such as viral infection. In practice, there are always variables 

that lie between the measured ''intermediate'' variable and the outcome. These will be 

important where these missing variables have additional explanatory power beyond 

the measured variables.   

 

Our fourth approach is our preferred approach in the Heating Study. This is the 

combined approach, this is a combination of the susceptibility and dummy outcome 

approaches. This combined approach inherits some of the assumptions from both 

basic approaches. However, this method avoids the need for a known defined neutral 

value of S0 or a perfect proxy S. The combined approach is best used where 

confounding of the estimated health effects of the measured intermediate variables is 

of concern. This approach is more flexible in the assumptions that must be made than 

either the susceptibility or dummy methods and includes the advantages of both. 

 

Our final approach is the full model. This method combines all three approaches and 

is closest to our underlying representation of causality in participant unblinded RCTs. 

Unfortunately this method was not appropriate in the Heating Study as we could not 

estimate the effect of the measured variables on the health outcomes without bias and 

the set of measured intermediate variables was incomplete. Where the effects of the 

measured variables on the health outcomes is known and the set of measured 

variables is complete, this method allows much greater freedom in the choice of 
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assumptions than any of the other methods. This model provides a framework on 

which we can test our assumptions. The full model also allows us to see how much of 

the intervention effect was due to each measured intermediate variable and how much 

of the assignment effect was explained by each proxy for susceptibility. This 

approach can be used without a complete S or a known value of S0. 

 

10.6  Implications for the Housing Heating and Health Study 

For the Heating Study, we compared the estimated results derived from the combined 

model with the ITT analysis. In these results the size of the intervention effects on 

cough was marginally reduced compared to the ITT estimate, but it remains 

statistically significant. In contrast, the observed effect for poor health was attenuated 

to the extent that it was not statistically significantly different from the null. It is also 

of note that an assignment effect was estimated OR =0.86 (95% CI 0.63- 1.21). In the 

context of reporting the Heating Study, the analyses proposed in this project should be 

seen as a useful sensitivity analysis to check on the robustness of the results in the 

presence of an assignment effect. 

 

 If we were to republish the results of the Heating Study utilising the methods 

presented here, the ITT analysis would be presented as before. However, we would 

add a caveat to the statistics section that the presented results assume no assignment 

effect and that when this was tested by utilising the methods in this project there was a 

significant change in the results for self-reported poor health which indicates that this 

result is not significant when adjusted for the assignment effect. We think the ITT 

analysis will remain the primary analysis as it is very well established and is valuable 

for inter-study comparisons.  

10.7  Comparison of the Size of the Assignment Effect 

In his  2010 update of the Cochrane review of the effect of “placebo (assignment) 

interventions”, Hröbjartsson  found that across all clinical conditions in studies with 

binary outcomes “(6041 patients), there was a pooled average relative risk of 0.93 

(0.88 to 0.99).”13 This is consistent with our observed OR of 0.86 (95% CI 0.63- 
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1.21). Another review found that trials that lacked blinding and reported subjective 

outcomes reported odds ratio that were significantly further from the null (ratio of 

odds ratios 0.75 (0.61 to 0.93)) than in well-blinded RCTs.14  

 

10.8  Implications for Community Trials 

In general, the analysis proposed in this project could be easily extended to other 

participant-unblinded RCTs. By following this method researchers and readers can 

have greater confidence that they have considered the potential influence of the 

assignment effect. In addition to providing a useful estimate of the assignment effect, 

our findings also provide guidelines for future studies about appropriate measurement 

regimes, where assignment effects are likely to be an issue. 

 

10.9  Temperature 

In the programme logic of the Heating Study it is envisaged that ‘temperature’ is one 

of the major mechanisms through which heaters affect health. In this project we have 

further examined this mechanism. This was carried out in Chapter Six by studying a 

range of biologically plausible metrics of temperature. From this analysis of the 

relationship between temperature and health, it was found that the health effects of 

temperature were best described by measuring exposure to temperature below a 

threshold over the previous two weeks. This is similar to the models used for 

estimating the health effects of outdoor temperatures 136 137 139 143 and performed better 

than the simple averages often used in the indoor environment.170   

 

The time lag in the effect of temperature on lung function may suggest a viral 

mechanism. To test this hypothesis we have helped design a study which is called 

“The influence of temperature and humidity on rhinovirus recovery from New 

Zealand homes.” This study will clarify to what extent the home environment is 

affecting rhinovirus survival. 

 

The data showed that the metric of exposure to temperatures below a threshold of 

11°C had the greatest association with asthma symptoms of those children in the 
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heating study. Whilst this threshold is likely to be specific to New Zealand, it is 

important to understand that this implies only that children with asthma should have 

minimal exposure to indoor bedroom temperatures of less than 11°C. However, this 

does not mean no harm is done at temperatures above 11°C. We still consider the 

WHO recommended minimum temperature of 21°C to be a good recommended 

temperature. 

 

 The analysis in Chapter Six is a systematic search through a set of possible models 

exploring the relationship between temperature metrics and the lung function 

measures. We have assumed this is also the best available metric of temperature for 

asthmatic symptom in the Heating Study. We did not attempt to find or explore all 

possible measures of temperature and asthmatic symptoms as further testing so many 

models would have run the risk of over fitting. It is possible that even by multiple 

testing of the lung function outcomes we have overestimated the effect of 

temperature. It is also possible that our temperature metric is not the most appropriate 

for asthma symptoms and we have underestimated the effect of temperature on 

asthma symptoms.  

10.10  Nitrogen Dioxide 

In contrast to the hourly temperature measurements, we had only four-weekly NO2 

measurements. Hence, in the Heating Study, the health effects of NO2 are described 

by measuring the logged exposure to NO2. Because of the differences in the number 

of models tested and the frequency of measurement, the health effects of NO2 are 

more likely to be underestimates than the effects of temperature on health. In the 

measured intermediate variables approach we saw the strength of the interventions 

effect through nitrogen dioxide was approximately twice that of temperature. 

 
 

10.11  Limitations in the Approaches 

We have shown that in a participant unblinded RCT, the ITT estimate will be biased 

by any assignment effect. We have developed methods that (with some assumptions), 

allow us to estimate and hence adjust for this assignment effect. The counterfactual 
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causal estimate for the intervention effect we derive should be closer to those that 

would come from a perfectly double-blinded RCT than the ITT estimate. It is 

important to remember that the assignment effect includes non-specific elements that 

may influence actual health (hope and expectation) and those non-specific elements 

that only change reported health (reporting bias). In estimating what the effect of the 

intervention would be if the intervention was implemented in a larger non-trial 

setting, it is important to remember that some of the placebo effect may still be 

present. 

A full list of the assumptions and limitations of the approaches in this project are 

given in Chapters Eight and Nine. We discuss the most important ones here. This is to 

our knowledge the first time anyone has tried to estimate or adjust for the assignment 

effect statistically in a participant-unblinded RCT. When the Heating Study was 

designed it was known that placebo effects were likely to be a limitation. However, 

neither the analysis nor the power calculations allowed for this. Therefore, it is not 

surprising that in some analyses carried out in this project neither the intervention 

effect nor the assignment effect were found to be statistically significantly greater 

than zero. The analyses proposed in this project are suggested to augment not replace 

the ITT analysis. However, these new methods themselves have some limitations 

which are identified below. 

 

In the susceptibility method, we have assumed that a proxy for assignment 

susceptibility can be found. Although, this seems reasonable it is impossible to test. 

This method implies that we have some idea of what would cause an assignment 

effect, therefore we can find a good proxy. It is important identify a good proxy a 

priori, because this would strengthen the case for its use and remove the temptation to 

test many proxies and choose one retrospectively that gives a ‘right answer’. In the 

Heating Study, we did not have an a priori proxy and the drawbacks inherent in this 

are clear where for some of the simpler models the various candidates for proxies 

produced quite different model results. The susceptibility method when used on its 

own requires a defined neutral value of the proxy. For example, in the Heating Study 

finding such a known value is difficult in practice. This constraint can be removed 

when we combine the susceptibility approach with other approaches.  Even where a 

‘good’ proxy is chosen, it will of course merely reduce the bias in the intervention 

effect and underestimate the assignment effect.  
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 For the dummy outcome method there are two assumptions. Firstly, that the dummy 

outcomes are not affected by the specific mechanisms of the intervention. This 

assumption may be difficult to fulfil in a randomised community trial, where the 

specific mechanisms are often very broad. In many cases we may have to choose 

dummy outcomes where any changes due to the specific mechanisms of the 

intervention are small. If there is any, even weak relationship between the dummy 

outcomes and the specific mechanisms, this will bias the estimator of health effects 

due to the treatment.  In the Heating Study this assumption was dealt with by 

choosing dummy outcomes that were not affected by the specific mechanisms of NO2, 

temperature or a change in income. 

 

 We chose diarrhoea, vomiting and ear infections because these were considered to 

have these properties. Unfortunately, in large doses NO2 has been shown to cause 

vomiting, and the effect of a change in income on all three is unknown. However, the 

doses of NO2 reported in the study are unlikely to be high enough to cause vomiting 

and the health effects from change in disposable income of approximately $20 per 

month due to changes in heating bills associated with the new heaters are likely to be 

slight. Any direct effects inflate the estimate for the assignment effect, hence reducing 

the estimated effect size of the intervention effect. 

 

 The second assumption of the dummy approach is that the assignment effect is the 

same across the dummy variables and health outcomes. This assumption is similar to 

assumptions in the literature and the follows from the assignment effect depending 

more on the individual than on the intervention. This assumption can be partially 

tested when S is available by estimating γ the assignment effect associated with S,  

and testing if this parameter is the same across each of the health outcomes and 

dummy outcomes. In the Heating Study we found no evidence to indicate that this 

assumption was invalid for the variables we were working with. However, this is still 

an assumption and should be considered carefully in context before it is used. 

 

The final assumption in the dummy approach is that the assignment effect in the 

dummy variables can be related to the assignment effect in the health outcomes. In the 

Heating Study, because both the dummy outcomes and the health outcomes we 
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choose are binary, it is natural to assume that γ has the same scale in both types of 

outcomes. Although, we briefly outlined how this scaling can be done with other 

distributions, this easiest when both the dummy and health outcomes come from the 

same distribution. 

 

For the measured intermediate variables method, we assumed that intervention acts in 

a specific manner though measured mechanisms. Whilst at first glance this might 

seem to be a realistic assumption to make, in practice this relies on an excellent 

understanding of how the intervention affects the mechanism and how the mechanism 

affects the health outcomes. In the course of this project, it has become clear that the 

explanation of these precise pathways can become entire studies in themselves. In the 

Heating Study this method required detailed analyses on how the temperature 

measurements should be expressed. When we examined this it was found that 

temperature itself may not be a direct route, but rather may function through even 

more intermediary variables, such as viral infection. This type of complex pathway is 

likely to be common in community trials especially where sociological factors are 

present.  

10.12  Recommendations for Future Studies of this Type 

Where possible it is still best to use a double-blinded RCT design as this type of 

analysis is not biased by assignment effects. However, in RCTs where blinding is 

impossible it is recommended that: 

1) A proxy or proxies for individual susceptibility is selected a priori. These proxies 

should capture some of the assignment effect that comes from participation in the 

trial. These proxies should cover not only belief and hope but participants ability to be 

galvanised to other positive actions, not related to the specific mechanisms of the 

intervention, especially where these actions are related to health or where their effects 

will differ between the treatment and control groups.  

2) The Dummy outcomes should be measured. To the participants these should appear 

similar to the health outcome of interest, but should not be affected by the 

mechanisms through which the intervention will work. 3) Attempt to carefully 

measure the mechanisms through which the intervention acts. This is not essential, but 

if it is done successfully it adds a greater depth to the understanding of the workings 
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of the intervention. It is also important to include a prior evidence of how these 

mechanisms affect the outcomes especially if such evidence provides causal 

estimates. 

10.13  Ongoing Related Work 

In our research group, we currently have two on-going randomised community trials 

in the group. The Housing Injury Prevention Intervention (HIPI) study and the Warm 

Homes for Elderly New Zealanders (WHEZ) study. Briefly, in the HIPI project, the 

intervention in the home is a remediation of injury hazards and in the WHEZ project 

the intervention is the supply of an electricity voucher –to be spent on heating. In 

neither study are the participants blinded. We will use the methodology developed 

here to analyse both projects for assignment effects. 

 

The Heating Study itself has now been rolled out across New Zealand as a $320m 

NZD, government programme of subsidised insulation and heating.2 Other countries 

such as the US are considering or implementing similar ‘weatherisation’ programmes. 

Because of the expensive implications of policy potentially developed as a result of 

the research findings, it is extremely important to be certain of the robustness of the 

evidence suggested by the Heating Study and its counterparts. 

 

10.14  Further Research 

Further work remains to be done. Repeating this methodology in larger more 

powerful studies would enable a better insight into the causes and effects of the 

assignment effect. We have not discussed the Hawthorne Effect, although we do 

speculate that susceptibility to the Hawthorne and assignment effects could be similar. 

This is especially the case if, as other studies have suggested, the type of individual is 

as important as the type of trial in predicting assignment susceptibility45  
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10.15  Conclusion 

In conclusion this project offers a guide to the analyses of participant unblinded 

randomised control trials. It offers a flexible model framework that allows for the 

differences inherent in trials, which gives useful information about the composition 

and strength of the intervention and assignment effects. Which assumptions and 

methods are best used will of course depend on the nature of each particular trial. 
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