
The use of propensity score methods to examine comparative 

effectiveness of treatments provided to children  

in Kenyan hospitals  

 

 

 

                                                    

                                                     Lucas Owor Malla 

                                                    Somerville College 

                                                   University of Oxford 

Supervisors: Prof. Mike English, Prof. Rafael Perera-Salazar and Dr. Emily 

McFadden 

A thesis submitted for the degree of Doctor of Philosophy 

Hilary Term, 2018



I 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



II 
 

Acknowledgements 

I must first thank my supervisors – Prof. Mike English, Prof. Rafael Perera and 

Dr. Emily McFadden for their encouragement and guidance throughout the 

DPhil degree. Undertaking a DPhil degree would not have been possible without 

an Oxford studentship fully funded by the Nuffield Department of Medicine and 

Clarendon. Further, I am grateful to Kenya Medical Research 

Institute/Wellcome Trust (through Prof. Mike English) for allowing me to use 

their data for analyses included in this thesis. Finally, I would like to thank my 

family for their encouragement and support. 

 

 

 

 

 

 

 

 

 

 

 



III 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



IV 
 

Abstract 

Background: Although randomised controlled trials are the best means of measuring 

efficacy of interventions and inferring causality challenges of limited generalisability to 

real life populations, cost and applicability for some types of intervention have prompted 

efforts to develop alternative approaches using observational data. Such approaches are 

very rarely used in low income settings. This research utilised a large dataset of well 

characterised admission events to paediatric wards in Kenya’s county referral hospitals 

to develop approaches to, and execute, comparative effectiveness analyses for treatment 

of diarrhoea and pneumonia as the top causes of morbidity and mortality in children. 

Specifically, the two clinical questions addressed were: (i) comparative effectiveness of 

penicillin monotherapy versus penicillin plus gentamicin in children with (indrawing) 

pneumonia; (ii) effectiveness of Zinc in treatment of children admitted with diarrhoea. 

Methods: To answer these questions, a strategy for multiple imputation of missing data 

was developed. Propensity score based methods were then developed and evaluated to 

identify balanced groups receiving alternative treatment allocations (for example 

different antibiotic regimens for childhood pneumonia) using key covariates. In the next 

step the effectiveness of alternative treatment outcomes were compared. Finally, 

sensitivity analyses were then conducted to verify missing data assumptions and also to 

examine the influence of unmeasured confounders. Further, methods were tested on 

how to estimate propensity scores after multiple imputation. 

Results: The antibiotic analyses indicated that there was no statistical difference 

between penicillin monotherapy and penicillin plus gentamicin in the treatment of 

(indrawing) pneumonia. By extension, treatment using penicillin plus gentamicin would 

likely not offer any advantage over using amoxicillin, the recently recommended 

treatment of indrawing pneumonia, as equivalence had been demonstrated between 

penicillin monotherapy and amoxicillin in previous trials, although non-trivial mortality 

was observed in this group suggesting other measures need to be investigated to prevent 

deaths. In the second case, Zinc was demonstrated to be effective in shortening the 

length of stay for children admitted with diarrhoea including those who were well-

nourished (WAZ >-2) and those aged 1-5 months.  

Conclusion: The analyses in this thesis provided potentially useful information to 

support development of clinical treatment policies. However, there remains some 

concern that comparative effectiveness evaluation using routine observational data may 

not fully mitigate risks of bias due to unobserved confounders. Rigorous approaches to 

such analyses using propensity scores, with detailed accounts of strategies to reduce 

bias and appropriate sensitivity analyses may be useful when randomised controlled 

trials are not feasible. However, it is probably better to pursue pragmatic trials (where 

randomisation is feasible) where possible to generate high quality, generalisable 

evidence of treatment effectiveness. 
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Definitions 

1. Key variables – are variables that should determine illness severity and 

thus treatment assignment and are typically referred to directly in clinical 

treatment protocols. 

2. Auxiliary variables – are variables that may be examined for an explicit 

influence on treatment assignment although according to the formal rules 

(the guidelines) they are not considered reasons to alter treatment 

assignment. 

3. Surrogate variables – are variables which may be used as proxies for (or in 

place of) key variables. 
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Chapter 1 

Introduction 

 

This chapter is subdivided into four sections which I summarise (and thereafter 

discuss) as follows: 

1.1. Background – provides childhood mortality statistics for sub – Saharan 

African countries (narrowing to Kenya) compared to developed countries; and 

also specifically examines the top causes of child morbidity and mortality (which 

are pneumonia and dehydration) in Kenya. This section then proceeds to discuss 

the strengths and limitations for using randomised controlled trials (RCTs) to 

compare treatment effects, summarises the current evidence from RCTs with 

respect to antibiotic use in pneumonia treatment and Zinc co – treatment for 

children with diarrhoea, and provides the rationale and guidelines for conducting 

comparative effectiveness evaluation using routinely collected observational 

data. 

1.2. Data description – Here I provide a brief introduction to the health system in 

Kenya before introducing the Clinical Information Network (a platform for 

routinely collected data in Kenya). In this second section, I also provide a 

descriptive analysis of the admission and mortality patterns within the Clinical 

Information Network hospitals to give the reader an understanding of this low-

income context. 
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1.3. Thesis objectives – outlines the thesis objectives. 

1.4. Overview of thesis chapters – In this final section I provide a brief 

explanation of the content of each of the chapters that form the rest of this thesis 

and how they match the thesis objectives. 
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1.1. Background 

1.1.1. Childhood mortality in Sub – Saharan Africa compared to developed 

countries 

The need to scale up interventions with proven efficacy in reducing high rates of 

childhood mortality is particularly urgent in developing countries. Many 

organisations, the United Nations in particular, have promoted intensified 

campaigns and programmes that have seen worldwide child mortality decline by 

approximately 50% in the last quarter of a century (1). According to the UNICEF 

2014 report, however, developing countries still contribute up to 90% of childhood 

deaths despite the overall decline (1). Sub – Saharan African countries have 

remained the largest contributors to overall global under five mortality (2). The 

fourth United Nations Millennium Development Goal (MDG 4) targeted 

reduction of child mortality by two-thirds before 2015 (3). Most developed and 

middle income countries made notable progress towards achievement of this goal 

while countries in sub – Saharan Africa made much less progress.  This variation 

in progress is demonstrated using the all-cause mortality data derived from the 

Global Health Observatory (GHO) Data –  published in the WHO website  (4) 

and presented in Figure 1.1.1. By 2015, under five mortality rate was about 83 

per 1 000 children in Sub – Saharan African countries – which was 12 times that 

of the overall rate for developed countries (which reported 6.8 deaths per 1000 

children). Kenya’s child mortality rate was about 49.2 per 1000 children – which 

was lower than that of the overall mortality rate for Sub – Saharan African 

countries though 7.2 times that of developed countries.     
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Figure 1.1.1: Comparison of under five deaths, rate per 1000 between Kenya, sub 

- Saharan and high income countries 

1.1.2. Top causes of morbidity and mortality in Kenya 

According to the 2014 Kenya Demographic and Health Survey report (5) (also 

UNICEF (2010) website (6)), the top two causes of both morbidity and mortality 

in Kenya were pneumonia and diarrhoea/dehydration. Indeed, based on the 2015 

GHO data, percentages of child deaths caused by pneumonia and diarrhoea were 

20.3% and 13.1% respectively (7).   This is despite improved access to 

recommended treatments and deployment of childhood vaccines at high 
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coverage, including those against H. influenzae Type B and pneumococcus (for 

pneumonia, with at least 79% coverage in 2014 (5)) and rotavirus (for diarrhoea, 

with 66% coverage in 2015 (8)). The proportion of child deaths contributed by 

these two top causes have remained somewhat constant between 2000 and 2015 

(Figure 1.1.2) despite the decline in the absolute under five mortality rates in 

Kenya (9) (also see Figure 1.1.1). 

 

Figure 1.1.2: Percentages of child deaths in Kenya contributed by pneumonia 

and diarrhoea from 2000 – 2015 (GHO data). 

Further reductions in under five mortality would, in theory, be accelerated if 

additional efficacious interventions were implemented on a large scale and in 
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accordance with the latest evidence, often summarised in WHO or national 

guidelines (10). When prioritising which interventions to deliver at scale, of the 

many that are possible, we typically consider an intervention’s magnitude of 

effect, its costs and the size of the population who might benefit. Ideally, we also 

consider effects on equity, and user and patient preferences. Critical to much of 

this decision making is our estimate of an intervention’s magnitude of effect. 

These estimates are ideally derived from randomised, controlled, clinical trials 

(RCTs) which are generally considered the gold standard for estimating causal 

effects of treatments (11).   

1.1.3. Strengths and limitations of using randomised controlled trials 

If a RCT is well-designed and executed, randomisation ensures that both 

measured and unmeasured factors are comparable between treatment groups, 

meaning that any effects seen are likely to be due to the treatment and not to 

other factors (12).  The randomisation process may be concealed such that either 

the investigators or patients or both are not aware of the treatments that are to 

be assigned and they and the investigators may remain blinded to the nature of 

the treatment being received to further minimise any bias that might arise (13). 

Randomised trials, if well conducted, have high internal validity providing an 

intervention efficacy estimate typically within a defined, trial population. Such 

efficacy estimates can be examined for consistency and be made more precise if 

there are multiple trials and meta-analysis is possible. Most RCTs are, however, 

conducted at single sites, or at a limited number of selected sites. They are often 

also conducted under highly controlled conditions with strict patient 

inclusion/exclusion criteria. For example, Silverman (2009) stated that more 
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than half of osteoporosis patients would not be eligible for a trial due to the 

presence of comorbidities and or previous use of bone active treatment agents 

(14). There may also be very limited unbiased (or representative) efficacy 

information on a number of patient groups, particularly where there is greatest 

need of care (e.g. the disabled and those with complicated medical situations).  

Additionally, trial populations may not always include the heterogeneous 

populations presenting for care, many of whom at hospital level may have co-

morbidity (15). 

This lack of information creates uncertainty about possible outcomes in the 

population that was not enrolled or did not meet RCT inclusion criteria (and this 

is important if it forms a sizeable fraction of the population). Therefore, true 

benefits and harms of a treatment at a population level may not be known and 

effective treatment may be underutilised with only a small population 

benefitting from it or a treatment may be given to a larger population in which 

its effects are unknown (16). Effects at population level may then be beneficial, 

potentially harmful or there may be no effect, the latter two possibilities also 

resulting in waste.  To overcome this challenge in a RCT including different 

patient groups, sub – group analysis may be possible though often these have 

only limited power. As a result, RCTs often have limited external validity 

(generalizability) to the populations of patients who may receive such 

treatments, even after meta-analysis.  Lastly, RCTs are expensive and time 

consuming and they will likely get more expensive as we move from 

interventions with a large effect size to ones with smaller but nonetheless 
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valuable effects, while we may need multiple trials to obtain convincing evidence 

of effects. Also, it takes a long time to translate RCT results into practice (17). 

RCT findings are used by the World Health Organisation (WHO) to inform 

treatment policies for millions of children with illnesses every year across low 

and middle income countries (18). However, trials supporting recommendations 

for hospitalized children (for example those with pneumonia) have included 

fewer participants from Africa than other settings (19) and it is suggested that 

African children have higher mortality (7). In sub – section 1.1.4, I summarise 

the evidence from RCTs some of which have informed treatment guidelines for 

pneumonia and diarrhoea. 

1.1.4. Current evidence for pneumonia antibiotic treatment and Zinc co – 

treatment for diarrhoea. 

1.1.4.1. Pneumonia antibiotic treatment 

The most current systematic reviews by Lassi (2014) (20) and Lodha (2013) (21) 

were examined to determine the antibiotic treatments for pneumonia that have 

been investigated in RCTs, and also locations and number of participants 

enrolled in these RCTs. The specific pneumonia trials (forty-one in number), 

which were published between 1981 and 2011, have been summarised in 

Appendix A.1. The participant enrolment was as low as 34 and as high as 2188 

with the majority conducted in single sites in non – African countries. In the 

systematic reviews, more than one study compared amoxicillin with co-

trimoxazole, injectable penicillin or ampicillin with oral amoxicillin, and 

ampicillin or penicillin with chloramphenicol. Classifications of pneumonia 

severity in these studies were done according to the 2005 WHO guidelines (22). 
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In those classified as having very severe community acquired pneumonia, death 

rates were higher in those treated with chloramphenicol alone than in those 

treated with penicillin or ampicillin plus gentamicin. In those with severe 

pneumonia, approximately similar treatment failure rates were reported for 

those treated with either oral amoxicillin/co – trimoxazole or injectable penicillin. 

And for those classified with non – severe pneumonia, amoxicillin and co – 

trimozazole had similar failure/cure rates.  

Of relevance to this thesis, there were no comparisons of narrow-spectrum 

monotherapy with the broader spectrum penicillin plus gentamicin combination 

therapy regimen for treating any form of pneumonia. Penicillin plus gentamicin 

combination therapy is the standard broad spectrum antibiotic regimen for 

serious infection in children in Kenya. As indicated in the systematic reviews, 

the trials conducted are not informed by knowledge of aetiological agents (either 

viral or bacterial). The basis for selecting narrow spectrum or broad spectrum 

regimens for different types of pneumonia is therefore largely based on 

extrapolation from specific aetiological studies (23) and on observational studies 

examining the risk of poor outcomes, with use of broader spectrum regimens 

typically used when risk is higher. In practice, therefore deployment of 

treatments identified as effective from RCTs are given to children with different 

aetiological agents. This may increase uncertainties in outcomes if the aetiology 

of disease varies across countries. In African children even within hospitals there 

is no thorough diagnostic workup to guide treatment and clinicians typically rely 

on clinical signs and symptoms to direct treatment and knowledge. Thus, it is 
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important that the actual effectiveness of regimens is examined in contexts 

relevant to Kenya. 

1.1.4.2. Zinc co – treatment for diarrhoea 

According to the WHO guidelines (24), Zinc should be used as a co – treatment 

for children with diarrhoea (first line treatment is detailed in sub – section 

1.2.5.1). Lazzerrini (2016) in a systematic review, examined the use of Zinc in 

reducing the duration of diarrhoea for children aged 1 – 5 and 6 – 59 months 

respectively (25). This review included 33 trials (with 10 841 children) most of 

which were conducted in the Asian countries. Only two studies from Africa 

(Ethiopia (n = 177) and Nigeria (n = 60)) were included and these examined the 

use of Zinc treatment in children less than six months. No trial was conducted in 

Africa to provide evidence for effectiveness of Zinc in children aged 6 – 59 months 

(though it is indicated that Zinc effectiveness is likely to vary from place to place 

(26)). Based on the review, the use of Zinc was found to shorten the duration of 

diarrhoea by about half a day for those aged 6 – 59 months. The effects appeared 

greater for those who were malnourished as the duration of diarrhoea shortened 

by a day. However, no benefits were reported for children aged 1 – 5 months.  

The review also concluded there was still inadequate evidence for well – 

nourished children.   

Kenyan guidelines recommended Zinc for all children aged 1 – 59 months with 

diarrhoea (27) despite the relatively limited evidence. Thus, there is also 

uncertainty around the types of outcomes expected with Zinc treatment in the 

Kenyan childhood population with diarrhoea.  
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Having discussed the available evidence for pneumonia and diarrhoea 

treatment, I discuss in sub – section 1.1.5 the guideline recommendations on how 

children with these illnesses should be treated in Kenya. 

1.1.5. Kenyan Guideline recommendations 

1.1.5.1. Recommendations for pneumonia (and other respiratory tract infections) 

diagnosis and treatment 

A child who is older than 60 days and has either history of cough or difficulty in 

breathing should be examined for either upper or lower respiratory tract 

infection (URTI or LRTI) (28). Majority of URTIs are viral infections of the upper 

respiratory airways consisting of the nose, pharynx and larynx (these include the 

common cold and pharyngitis among others). While the lower respiratory tract 

consists of the trachea, primary bronchi and lungs. LRTIs are conditions caused 

by either bacteria (examples Streptococcus pneumoniae, Haemophilus 

influenzae, Staphylococcus aureus) or viruses (examples influenza A and B, 

respiratory syncytial virus) (29).  Examples of LRTIs include bronchitis, 

bronchiolitis and pneumonia. The most serious LRTI among children is 

pneumonia which results in inflammation of parts of the lung (lobes) in one or 

both of the lungs. In this condition, the lung space normally filled with air may 

fill and or solidify with pus or fluids, a situation referred to as consolidation that 

is sometimes seen on chest X ray (30).  

In clinical practice it is typically not possible for clinicians with limited skills to 

distinguish reliably between pneumonia caused by bacteria – the target of 

treatment with antibiotics – and pneumonias or other LRTI caused by viruses 
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even using chest X ray (30). In practice therefore, especially in developing 

countries where pneumonia causes considerable mortality, it is recommended 

that antibiotic treatment is provided based on characteristics of the clinical 

presentation alone focused particularly on the severity of illness. Until March 

2016, the Kenyan paediatric protocol recommended classification of pneumonia 

severity into very severe, severe and non – severe categories (see Box 1.1.1 for 

clinical signs that were integrated to form these respective severity categories). 

Children with very severe pneumonia were then treated with a combination of 

penicillin and gentamicin, those with severe pneumonia (specifically 

characterised by the clinical sign lower chest wall indrawing) were treated with 

penicillin alone and those with non – severe pneumonia were treated with 

amoxicillin. The planned comparative effectiveness for antibiotics for pneumonia 

will be based on data until March 2016. For the purposes of this thesis I will use 

the term ‘indrawing pneumonia’ to indicate those children meeting criteria for 

the pre-2016 category of severe pneumonia. Some children presenting with what 

appears to be pneumonia may have wheeze and possible asthma. Kenyan 

guidelines for managing possible pneumonia in the context of wheeze are also 

discussed in Box 1.1.1. 

The treatment guidelines for pneumonia were revised in March 2016 after a 

Kenyan trial demonstrated equivalence between oral amoxicillin and injectable 

penicillin for the treatment of indrawing pneumonia (31), a finding compatible 

with trials conducted in Asia. The pneumonia severity classifications were then 

revised into only two categories, severe (equivalent to the earlier very severe 

category) and just pneumonia (combining the earlier severe (or indrawing 
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pneumonia) and non – severe categories). As indicated in Box 1.1.1, treatment 

for the former category is still penicillin plus gentamicin while recommended 

treatment for the latter is oral amoxicillin in outpatient settings (children with 

indrawing pneumonia were treated in inpatient settings in the pre-March 2016 

guidelines).  

However, in African settings there is concern that there is still high mortality in 

children with indrawing pneumonia (32). Moreover, while amoxicillin and 

penicillin (injection) were equivalent in trials, no study had compared penicillin 

plus gentamicin versus monotherapy with either oral amoxicillin or penicillin 

injection for this group of indrawing pneumonia patients – (see subsection 1.1.4). 

The analysis in this thesis (as stated in sub – section 1.1.7) will aim to examine if 

there is any beneficial effect associated with using gentamicin plus penicillin as 

opposed to penicillin monotherapy which is regarded as a narrow spectrum 

antibiotic treatment. If the combination therapy is not advantageous this might 

allay fears of a need for broader spectrum antibiotics for indrawing pneumonia 

and clinicians would be encouraged to continue using amoxicillin (as equivalence 

with penicillin had been demonstrated) in outpatient settings. Conversely if a 

higher mortality is observed in non-trial populations of children with indrawing 

pneumonia and combination antibiotic therapy shows some benefit then the 2016 

revision of pneumonia guidelines promoting use of antibiotic monotherapy and 

outpatient treatment might need to be reviewed. 
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Box 1.1.1:  Pneumonia treatment algorithm 

The pneumonia severity classification that was recommended by Kenyan 

guidelines up to March 2016 (28) (and previously by WHO guidelines (22)) 

defined the following three severity classes: 

1. Very severe pneumonia: If a child had either oxygen saturation less 

than 90% or central cyanosis or was grunting or unable to drink or not 

alert, then s/he was classified as having very severe pneumonia, put on 

oxygen and treated with a combination of gentamicin and penicillin. 

{The new WHO (33) and Kenyan guidelines (28) renamed this class as “severe 

pneumonia” – and currently recommend treatment with a combination of 

ampicillin (or penicillin) with gentamicin plus oxygen}. 

2. Severe pneumonia: If a child had lower chest wall indrawing (but did 

not have any of qualifying signs for very severe pneumonia above) and 

was alert then s/he was to be classified as having severe pneumonia and 

be treated with benzyl penicillin only.  

Note: The term indrawing pneumonia is hereafter used in this thesis to define 

this category of children to avoid confusion. 

3. (Non – severe) Pneumonia: If a child had none of the mentioned signs 

but had cough or difficulty breathing and a respiratory rate greater than 

or equal to 50 breaths/minute (for age between 2 and 11 months) or 

respiratory rate greater than or equal to 40 breaths/minute (for age 

above 12 months) then s/he was classified as having non severe 

pneumonia and treated with cotrimoxazole or amoxicillin if previously 

treated with cotrimoxazole.  

If a child has wheeze in addition to qualifying signs for any pneumonia 

severity, then this is treated as a possible case of asthma. Asthma is treated 

immediately with bronchodilators according to algorithms documented in the 

basic paediatric protocols and the child clinically reassessed after this 

treatment. If signs suggesting pneumonia persists, then treatment for wheeze 

is continued but this is in addition to antibiotic treatment – as pneumonia 

cannot be reliably ruled out if wheeze is present. Treatment of URTIs is not 

defined in the basic paediatric protocols but (non-antibiotic; non-drug) 
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symptomatic treatment only is recommended in training of health workers in 

Kenya (34). Because most initial treatment, even in Kenyan hospitals, is 

provided by clinicians with very little training in paediatric care and as there 

are no diagnostic tools to distinguish bacterial infections from other LRTIs 

(bronchiolitis or bronchitis), guidelines make no attempt to provide a clinical 

distinction between the possible causes of pneumonia / other LRTIs 

(bronchiolitis or bronchitis). Treatment is therefore based on severity of illness, 

assumed to be pneumonia if meeting the criteria above, and not on aetiology. 

Similarly, although wheeze is also found in viral LRTI, especially bronchiolitis, 

this is not distinguished from pneumonia/asthma in Kenyan guidelines.  

 

1.1.5.2. Recommendations for diarrhoea/dehydration diagnosis and treatment 

Dehydration in children with diarrhoea is classified on the basis of a set of key 

clinical signs as ‘no’, ‘some’, ‘severe’ dehydration, or ‘shock’ (see the 

diarrhoea/dehydration treatment algorithms (27) for specific signs used in 

classification) and these are treated with oral or intravenous fluids as defined in 

the protocols. Correct fluid prescription is defined as: oral rehydration (plan A) 

(without intravenous fluids or bolus) for children classified as having no 

dehydration; plan B oral rehydration (75ml/kg of oral fluid over 4 hours) for 

those with some dehydration and; prescription of plan C for rehydration for 

children with severe dehydration. Plan C treatment consists of step 1 (30ml/kg of 

fluid) and 2 (70ml/kg of fluid) administered over 30min or 1 hour and 2½ hours 

or 5 hours for infants and children aged over 1 year respectively.  Those with 

shock are treated with bolus fluid followed by step 2 of plan C. In addition to 

fluid prescriptions, for all diarrhoea cases, children are supposed to be treated 

with oral Zinc supplement as a dispersible tablet. 
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1.1.6. The use of observational/routine datasets in comparative effectiveness 

evaluations 

In order to minimise uncertainties about potential outcomes, harms and benefits 

of treatments derived from RCTs, it is also important to conduct effectiveness 

studies in the diverse patient populations that are potential recipients of the 

treatment. These may complement (or rarely replace) (35, 36) the results of 

RCTs aiming to assess efficacy, especially if such studies are in narrowly defined 

groups, by observing the impact of interventions in the real world (observational 

studies) across a range of patients, sites and settings.  

Routine settings can provide an array of patients that may offer rich 

observational data on multiple end points, both long and short term, which could 

be important in evaluating benefits and adverse effects of a treatment. Such 

studies may be especially valuable if existing RCT data only used a surrogate 

end point for a more substantive health outcome. RCTs have two major phases; 

(a) design and (b) outcome analysis (where outcome analysis only happens after 

the design is fully set). Much effort and time is spent on the design of 

randomised experiments while corresponding design of observational studies has 

received less attention (37). The design of observational studies here entails 

everything that happens before examining or analysing outcome data (38). 

Compared to the highly controlled RCTs, observational studies require even 

more careful attention in their design since they are fraught with problems that 

could compromise their internal validity (39). In an effort to replicate the 

strengths of RCTs highlighted in sub – section 1.1.3, Rubin (2008) proposed 

guidelines for conducting credible comparative effectiveness analysis (to optimise 
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internal validity) using observational data (39). These include: i) clear 

conceptualisation of study question(s), ii) identification of decision makers or 

treatment guidelines which helps in explaining possible rules that were used in 

treatment assignment, iii) examination of the quality of key variables (for 

example in terms of completeness) that may have influenced treatment 

assignment, iv) verification of sample size, and v) use of statistical approaches to 

overcome non – random allocation of treatments and missing data  (38, 39). 

These guidelines are now briefly explained.  

1.1.6.1. Conceptualisation of research questions 

Routine datasets may be re-imagined to come from complex trials whose 

treatment assignment rules have been lost and need to be reconstructed (39). At 

the start therefore, clear research questions with a specific design should be 

formulated with the help of experts to ensure analyses address a potential 

research gap. 

1.1.6.2. Identification of treatment decisions and or decision makers 

It is important to identify treatment decisions and or decision makers in order to 

understand how treatment assignment is conducted in routine settings1. 

Clinicians are supposed to use guidelines in diagnosis and treatment of a 

number of childhood illnesses in Kenya. These guidelines, largely adapted from 

WHO guidance, have been documented in the basic paediatric protocols booklet 

(28) based on available evidence and developed by consensus by national 

guideline panels (see (40-42)). In standard practice, the process of treatment 

                                                           
1 This also helps in defining the target population through refined inclusion and 

exclusion criteria. 
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assignment happens in three steps; first, there is assessment and documentation 

of each clinical sign. Step two involves integration of clinical information into a 

severity classification for each disease (syndrome), and in step three severity 

classification is translated into a treatment assignment.  

The ability to use routine data to compare treatment effects requires that 

patients with similar problems receive different treatments. Previous studies, 

conducted in Kenya and elsewhere, have indicated that clinicians often do not 

follow guideline recommendations in treating pneumonia and other illnesses 

(43). Variation from the guideline recommended approach can occur at the point 

of severity assignment (clinicians do not follow a nationally approved protocol 

linking clinical signs and severity category) and at the point of treatment 

assignment (clinicians do not follow this protocol that links treatment and 

severity). If the clinician records the clinical signs on which severity assignment 

is based, it is possible to construct a severity level which is guideline compliant 

using these observed signs in the dataset. This assigned / data derived severity 

level may be different to the clinician’s choice of severity level. This variability in 

adherence to protocols and the ability to derive a protocol compliant severity 

level provide an opportunity for comparative effectiveness evaluation where 

patients with similar characteristics may receive different treatments. See sub – 

section 1.2.5 for detailed treatment assignment methods. 
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1.1.6.3. Recording and examining quality of key variables 

As defined earlier, key variables are those pre-specified in Kenyan protocols that 

should determine illness severity and thus treatment assignment. Having all the 

key variables in routine datasets might be a challenge and if a key variable is 

missing then surrogate indicators (variables which may be used as proxies for or 

in place of key variables) should be used. Also, surrogate indicators should be 

used for key variables that are not measured adequately. A major focus of the 

Clinical Information Network on which this work draws has been to improve the 

documentation of important key, auxiliary and surrogate clinical variables by 

clinicians. 

1.1.6.4. Sample Size Verification 

Usually in RCTs, sample size calculation is done before commencement of the 

study, while in routine settings data already exist in databases but it is 

important to verify whether the existing data will be sufficient for any 

meaningful analyses. This includes examining minimum detectable effect size 

alongside risk of type 1 and 2 errors. It is important to note that sometimes if the 

sample size is not sufficient and the dataset to be analysed is the only one to 

answer an important question – then one should proceed though efforts should 

be made to generate better data (39). Also in these circumstances, one needs to 

estimate the size of effect that the small sample is able to detect. 
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1.1.6.5. Overcoming non – random treatment allocation and missing data 

As observational/routine datasets are often not primarily meant for research, 

they face two analytic challenges: non – random allocation of treatments and 

missing data. In routine clinical practice, patient allocation to alternative 

treatments for the same illness may be conditioned on varying characteristics. 

So, clinicians may override the use of key variables that should determine 

severity and treatment allocation and may be influenced by observed auxiliary 

variables, perceived to be serious, in assigning treatments (see sub- section 1.2.5 

for detailed discussion on non – guideline treatment assignment). This may 

result in differences in characteristics between any two or more treatment 

groups. To examine differences in treatment outcome(s) there is therefore a need 

to make groups comparable or ‘enforce’ covariate balance prior to comparative 

analysis (44).  The ideal approach is to compare individuals with exactly similar 

values on observed covariates. However, this approach may be inefficient when 

dealing with a larger number of covariates as it may be difficult to find sufficient 

individuals with exactly similar covariate values in treatment groups (37). An 

alternative that is increasingly being used in the last decade (across many 

disciplines) is the propensity score (PS) approach (45, 46) developed by 

Rosenbaum and Rubin (1983) (47). Here, the PS describes the probability of a 

patient’s assignment into a treatment group given the observed covariates. 

Outcomes for patients with similar propensity scores (between treatment groups) 

are then comparable as it is assumed they have a similar distribution of observed 

covariates. However, as propensity scores are derived from prediction models, 

they may be inefficient when covariate data are missing, as the effective sample 
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size is likely to be reduced. See Chapter 2 (sub – sections 2.1) for brief 

discussions of PS and missing data methods.  

1.1.7. Complementing RCTs with observational comparative effectiveness 

evaluations. 

More generally, RCTs and observational studies should be seen as 

complementary rather than competing approaches (35, 36). We may benefit from 

both as effectiveness evaluation should be perceived as a continuous process 

right from RCT experiments in homogenous to more heterogeneous real life 

populations (Figure 1.1.3). Once treatments are found to be efficacious in RCTs, 

they are then studied (to further examine their efficacy and toxicity) using larger 

populations for a slightly longer period as part of initial effectiveness 

surveillance. Beyond this then treatments are allowed to be used in routine care 

for the general populations.  These populations constitute everybody (including 

those that may have formed part of exclusion criteria in RCTs). As data from 

routine care are consolidated in healthcare databases, it is therefore important 

to examine the effectiveness for everybody taking these treatments using these 

observational data. 
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Figure 1.1.3: Treatment effectiveness evolution, adapted from Lindsay (2007) 

(36). 

In summary (see Table 1.1.1), RCTs are designed with internal validity in mind 

and often use carefully defined populations which are randomly assigned into 

treatment groups – in which randomisation (depending on the quality of process, 

sample size and the number of important covariables) balances on both 

measured and unmeasured variables. Such a focus on internal validity makes 

them the best method to establish biological efficacy. However, in optimising 

internal validity in RCTs, generalisability of findings can be restricted to 

carefully selected populations, often those that maximise the likelihood of 

establishing biological efficacy. Additional RCT limitations may include limited 

sample size (often due to costs of trials) and the use of short term end points. 

These limitations in RCTs may be less apparent in observational studies. The 

latter can use real world populations, may be cheaper to conduct and thus may 

have larger sample sizes, and may provide opportunities to test a range of 

important outcome measures. However, there are two main limitations 
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associated with the use of observational datasets: (a) non – random allocation 

(and missing data) which have been discussed in sub-section 1.1.6 and (b) 

possible influence on results from unobserved variables. Sensitivity methods 

used to examine the latter are discussed in Chapter 2 (sub-section 2.1.1). 

Table 1.1.1: Summary of strengths and limitations of RCTs and observational 

comparative effectiveness studies.  

Randomised controlled trials 

Strengths Limitations 

Designed with internal validity in mind Can results in poor generalizability. 

Use carefully defined study population. Excludes a number of patients requiring 

treatment. 

Balance both measured and 

unmeasured covariates through 

randomisation. 

Can use limited sample size (and sub-

group analysis problematic)  

 May use short term end points thus may 

not allow for long term adverse events to 

be observed. 

Observational comparative effectiveness studies 

Strengths Limitations 

Uses real world patients. Non – randomised in nature thus highly 

vulnerable to selection / allocation bias. 

Appropriate for assessing long term 

adverse events or rare outcomes. 

Data limited to variables in the dataset. 

 

As the analysis will be based on data from the Clinical Information Network, the 

next section (section 1.2) of this chapter provides a description of the Kenyan 

Health Care System, introduces the CIN, explains treatment assignment 

methods, explores causes of admission and mortality in the CIN hospitals, and 

examines the completeness of clinicians’ documentation of key variables used in 

pneumonia and dehydration diagnoses.  



24 
 

1.2. Data description 

1.2.1. Kenyan Health Care System  

The Kenyan Health Care System comprises private and public systems. The 

private sector includes non-governmental, faith based and private for profit 

organisations, while the public sector includes parastatal organisations and the 

Ministry of Health (MOH). There are over 5000 facilities through which health 

services are offered in Kenya and about 51% of these are managed by the public 

sector (48). Further, the Kenya Service Availability and Readiness Assessment 

Mapping (SARAM) 2013 report noted that most inpatient units were government 

owned especially outside major cities (49). 

According to the Kenya Health Sector Referral Implementation Guidelines 

(KHSRIG) 2014 (50), the MOH and stakeholders adopt a tiered system for health 

facilities (Figure 1.2.1) in order to make health services accessible to as many 

people as possible. This structure consists of community health services (level 1), 

primary healthcare services (levels 2 and 3), county referral hospitals (levels 4 

and 5) and national health referral services (level 6). Hospitals in upper levels 

act as referral facilities for those in lower levels. Also, Kenya is subdivided into 

47 administrative counties and each county has a referral hospital which is 

either a level 4 or 5 facility. This decentralised system enables access of health 

services at the county level. 
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Figure 1.2.1: Referral linkages, adapted from the Kenya 

Health Sector Referral Implementation Guidelines (2014) 

 

1.2.2. Background to the Clinical Information Network 

Thirteen county referral hospitals (at Level 4 and 5 in the health system) plus 

one sub – county hospital were purposively selected with direction from MOH 

and recruited into the Clinical Information Network (CIN) (Figure 1.2.2), which 

represents collaborative work between the MOH, the Kenya Medical Research 

Institute (KEMRI)/Wellcome Trust Research Programme, the Kenya Pediatric 

Association (KPA) and participating hospitals. These hospitals were recruited 

into the study at different times; Nairobi sites in September 2013, Western sites 

in October 2013 and Central sites in February 2014 (Nairobi, Western and 

Central are three blocks in which the hospitals have been categorized). 
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Figure 1.2.2: Distribution of CIN hospitals across Kenya (the shaded regions 

represent population density) 

 

The Kenyan Ministry of Health has made efforts to foster improved medical 

record keeping in   clinical areas by providing and promoting paediatric and 

newborn admission record forms. These efforts are linked to recent research that 

has shown that Kenyan hospitals have challenges in providing quality data on 

inpatient workload, mortality and morbidity (51). Additionally, hospital data are 

not often suitable or not used within hospitals to monitor quality of care provided 

to patients (51, 52). Thus, the CIN was initiated to improve data availability 
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from secondary care in paediatrics and as a model for demonstrating the value of 

routine data in improving quality of care in the hospitals.  

1.2.3. Data Collection and Tools 

Data are collected retrospectively post discharge by trained data clerks, guided 

by well-defined standard operating procedures, under close supervision by the 

hospital medical records department and Kenya Medical Research 

Institute/Wellcome Trust Team. It is worth noting that the research team has no 

personnel checking quality of clinical process and whether clinicians correctly 

document what they do. However, the patient record is the formal (and legal) 

document describing the clinical condition and management. These documents 

are used for data abstraction and they include patient files with Paediatric 

Admission Record (PAR) forms (see Appendix A.2), treatment sheets, nursing 

cardex, discharge summary forms, laboratory reports and clinician notes.  CIN 

study uses the Research Electronic Data Capture (REDcap) platform, which is 

an open source technology, to collect data. The collected data are used to assess 

documentation of history, physical examination, diagnosis, laboratory 

investigations, treatment and discharge plans.  

The total possible variables collected per record are 382 and are grouped into; 

biodata, history, examination, investigations, admission diagnosis, treatment, 

supportive care, monitoring and discharge information tools.  However, many 

variables are collected for only specific sub-groups (e.g. linked to diagnoses) or 

only if a child receives specific treatments. The total number of variables for 

which data are collected per patient is therefore well below this maximal figure 

of 382. The biodata tool contains basic patient’s demographic information; 
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history and examination has information on clinical signs and symptoms; 

investigations has laboratory test orders and results; and the discharge 

information tool contains discharge diagnoses, outcomes and follow up 

information.  

To prevent any backlog in data entry in very busy hospitals a more limited set of 

data (referred to as minimum data) are collected for children aged < 1 month and 

for non – medical conditions such as burns or surgical cases to whom common 

guidelines do not apply. The research team implemented a module in REDCap 

for ‘minimum data’ cases such that 82 variables (on biodata, investigations, 

diagnoses and discharge information tools) are captured for a proportion of 

patients. This minimum dataset was also captured on a proportion of patients – 

usually between 30% and 65% and randomly selected - depending on the 

workload in two CIN hospitals with particularly high rates of admission.  

1.2.4. Data Quality Assurance 

Quality is defined in terms of data completeness and consistency within valid 

ranges. The KEMRI/Wellcome Trust team have adopted three strategies in 

ensuring high quality data (summarised in Figure 1.2.3). First, all data entry 

fields have pre-specified valid entries / valid ranges that result in error alerts to 

the clerk should they enter an unacceptable / out of range value. As some out of 

range values may nonetheless reflect what is documented some data entry 

checks use ‘soft-validation only’. Second, cleaning algorithms written in R 

statistical programming language are used by every clerk daily to check for 

potential entry errors (eg. missing values) and if data are within correct ranges. 

The ‘cleaning script’ produces a list of any identified inconsistencies such that 
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the clerk can correct entries where possible. The third procedure is performed 

weekly for consolidated data that has been submitted to the central data 

management team in the main server with feedback on errors by telephone by a 

data manager. After the clerk re-reviews case records to make corrections where 

possible the amended data are resubmitted. In addition, there is periodic use of 

external quality control and audit where the KEMRI team visits facilities 

approximately 3 monthly and independently enters a sample of files already 

entered by the clerks. Thereafter, concordance between these same 

independently entered patient records is examined. The overall concordance 

correlation for all examined records so far is above 95%. 

Data Entry

Error Checking Errors?

Verify – Patient 

records

Yes

Correct

Synchronize

data

No

Master DB

Master dataset 

DQA

Errors?

Notify Data Clerk

YES

Analysis &  Report 

Generation

Hospital Feedback

No

Data collection,cleaning and transfer

Statistics & Mgt teamInformatics TeamData clerk(Facility level)

Collation & DQA Analysis & Feedback

 

Figure 1.2.3: CIN data management process. 
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1.2.5. Treatment assignment methods 

Kenyan clinicians working in county referral hospitals are provided with clear, 

nationally agreed guidelines/protocols for clinical management of common 

illnesses (27) – also see sub – section 1.1.5 above (for guideline recommendations 

for pneumonia and diarrhoea/dehydration treatment). The guideline/protocol 

treatment approach assumes clinicians will follow the rules – as guidelines are 

based on what is considered the best available evidence; thus the preferred 

clinical management approach can be regarded as a rational, rule based 

treatment assignment strategy. This strategy recognises that the clinicians 

attending to patients at admission are typically very junior (usually they are pre-

registration interns) having had only 8 – 10 weeks total training in paediatric 

care. However, in routine settings, there may be guideline non – compliance due 

to a number of reasons. These may include; 1) clinician judgement/gut feeling 

based on aspects of a patient’s history or appearance that are observed but not 

recorded (or codified into any rules), 2) explicit clinical findings that may 

influence clinical decisions that are recorded as part of the clinical evaluation 

process but are not captured in standard treatment rules, and 3) clinical 

mistakes. These three factors may all result in what appear to be errors in any of 

assessment, severity classification or treatment assignment when compared with 

the rule-based standard guidelines. Such influences on treatment assignment 

are important to consider carefully as Agweyu et. al (2014) showed that there 

was substantial non-compliance with guidelines (pneumonia severity 

misclassifications and incorrect treatment) for antibiotic treatment assignment 
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in a small sample of pneumonia patients at Kenyatta National Hospital in 

Kenya (43). And this has been seen several times over the years (53, 54). 

As the two clinical comparative effectiveness questions tackled in this thesis are 

based on variations in practice linked to adherence / non-adherence to specific 

clinical guidelines, the three aspects of guideline non – compliance are 

introduced and discussed in detail.  

1.2.5.1. Gut feeling 

Gut feeling is perceived to be an intuitive judgement based on a patient’s 

appearance or elements of the history of reported illness or context (55). Thus 

clinicians take note of subtle clues that influence their judgement either of the 

severity of the illness or their treatment selection. Quite often these clues or 

influences are unmeasurable. Stopler (2009) identified two categories of gut 

feeling that may result in alarm or reassurance. In the case of alarm, the 

clinician may not be sure of prognosis and therapy – there is uncertainty – and 

they may suspect that signs of risk are yet to develop. This may guide them, 

without explicit justification, to classify a patient as having more severe illness 

and step up treatment. Second, is a sense of reassurance where a clinician may, 

for example, have seen a similar case previously and is sure of a benign 

prognosis and therapy (56). This may result in a step down in treatment. An 

observational study by Van den Bruel (2010) asked clinicians to record their gut 

feeling (plus signs/symptoms) in a summary risk category of absent, present or 

unsure – which was to indicate clinical impression of something serious. In 

subsequent analyses this categorical description of gut feeling (which also 

presumably represented a summary of formally recorded clinical signs) had 
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greater diagnostic value than signs/symptoms alone (57). A typical example in 

which gut feeling may influence clinician diagnostic thinking is a situation 

where a patient may be put on a different treatment (or higher dose) at 

admission if standard treatment had been administered elsewhere (if known to 

the clinician) before admission. Here, one may understand the pre – admission 

treatment as having ‘failed’ and may think administering alternative treatment 

(or a higher dose) would be effective.  If such pre – admission treatment is known 

to the clinician but not recorded anywhere, then it may influence treatment (and 

contribute to the broad notion of gut feeling). It is clearly difficult to examine 

these hidden influences on admission treatment assignment.  However, if the 

pre-treatment had been recorded, then in theory its influence can be examined, 

in this case it would no longer be a hidden influence captured in the concept of 

gut feeling. 

Gut feeling resulting in alarm may naturally contribute to systematic errors in 

classifications if consistently experienced by clinicians in practice. In this 

situation, patients may coincidentally benefit from treatment step up due to a 

clinical impression of something serious. Otherwise, if a clinician experiences a 

reassuring “gut feeling” in serious situations then in the worst case this may 

consistently risk lives of patients by systematically assigning lower doses or 

inferior treatments.   

1.2.5.2. Explicit clinical findings 

According to guidelines, key variables should determine illness severity and thus 

treatment assignment – and in the case of pneumonia and 

diarrhoea/dehydration, these are defined by the protocols (see sub – section 
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1.1.5). However, there may be additional (measurable or visible) symptoms and 

signs that are not formally recognised as key variables in treatment guidelines 

that may influence clinician diagnostic thinking. For instance, if a patient has 

had a convulsion or has been ill for longer than is felt typical then s/he may be 

felt to have a more severe illness than is suggested on the basis of the signs of 

the pneumonia alone. This may result in a step up in treatment with a child put 

on higher doses or ‘stronger’ treatment at admission. These factors may be 

considered auxiliary if they are recorded (measured). Their influence on 

treatment assignment can be examined although according to the formal rules 

(the guidelines) they are not considered reasons to alter treatment assignment. A 

number of studies (for example (53, 58) ) have shown significant associations 

between inpatient mortality and a wide variety of clinical variables – it is 

reasonable to hypothesise therefore that these may influence treatment 

assignment in addition to key pneumonia variables. Many of these additional or 

auxiliary variables are or should be documented in routine practice (at 

admission) within the clinical information network. It is therefore possible to 

explore whether they have any link to treatment assignment. Variables that are 

related to both treatment assignment and patient outcome should be taken 

account of in any examination of whether treatment itself influences outcome. 

Consistent observation of explicit clinical signs (not part of the guidelines) may 

lead a clinician to always assign higher severity levels – resulting in systematic 

errors in classification thus always biasing treatment choice(s). 
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1.2.5.3. Unintentional clinical mistakes 

Lack of expertise may cause random or systematic errors in clinical assessment, 

disease severity classification or treatment allocation. Patient history and 

examination are critical in clinical assessment, and they may be consistently but 

inexpertly evaluated by a clinician resulting in systematic severity 

misclassification (always making the same mistake resulting in step up/ step 

down in treatment).  Also, a clinician may have assessed signs/symptoms 

correctly but ends up recording the wrong classification, something equivalent to 

a random error – which later influences the choice of treatment. Further, errors 

of understanding may lead to errors of transcription especially in the process of 

integrating clinical findings to follow the rules – and may be habitual to a 

clinician resulting in frequent undetectable errors.  

I have now described the setting, the data collection process and the protocols 

that are intended to guide care. I have also suggested why clinicians may not 

follow these protocols introducing variation into treatment assignment. In 

Chapter 3 I present analysis on antibiotic effectiveness in treating pneumonia 

based on data up to March 2016 before national guidelines for pneumonia 

changed. In Chapter 5 I present analysis on Zinc effectiveness in treating 

diarrhoea based on collected data up to February 2017. However, in order to 

describe the admission and mortality patterns in CIN hospitals to illustrate the 

context in which these analyses take place I use data up to March 2016 (from 

October 2013) in sub – section 1.2.6. 
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1.2.6. Exploratory analysis 

1.2.6.1. Major causes of admission 

Focusing on common conditions in this description of paediatric admissions to 

the Clinical Information Network, Pareto and Venn plots are used to describe 

admission diagnoses (likely more than number of patients due to comorbidity) 

and patient level events (mortality) respectively. Pneumonia, malaria, 

dehydration/diarrhoea, meningitis, anaemia, malnutrition, febrile convulsions, 

URTI, asthma and convulsive disorders account for about 83% of total admission 

diagnoses (Figure 1.2.4). A significant proportion of these admission diagnoses 

(57%) is accounted for by the top three illnesses i.e. pneumonia, malaria and 

dehydration/diarrhoea; with pneumonia being most prevalent overall although 

this varies widely across places: Nairobi (38%), Western (19%) and Central (41%). 

         

        Figure 1.2.4: Overall top causes of admissions. 
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1.2.6.2. Major causes of mortality 

Figure 1.2.5 presents patient level mortality statistics and it shows that there 

were 4983 (6.4%) deaths in a population of 78 168 admissions in the full dataset 

(considered up to March 2016). The top four causes of mortality were determined 

based on the number of episodes (in which a patient may have died from 

multiple causes). Of the 4983 deaths, there were 2169 pneumonia episodes, 

followed by diarrhoea/dehydration episodes (n = 1571), then malaria episodes (n 

= 1310) and lastly malnutrition episodes (n = 884). Together with their 

comorbidities they were associated with about 76% of child deaths. The other 

24% of deaths were associated with diseases other than pneumonia, malaria, 

dehydration/diarrhoea and malnutrition.  

 
Figure 1.2.5: Mortality patterns: intersections represent the number of 

mortality causes – for instance 19 (0.4%) of the children who died had 

pneumonia, diarrhoea/dehydration, malaria and malnutrition. 
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1.2.6.3. Diagnosis and treatment 

1.2.6.3.1. Treatment of Pneumonia 

The pre March 2016 national guidelines (and as presented in Box 1.1.1 above, 

sub – section 1.1.5.1) only applied to sick children without co-morbidities of 

either severe malnutrition, HIV, meningitis or indication of cough for more than 

14 days. Antibiotic treatment recommendations for these diagnoses take 

precedence over and vary from those from pneumonia. In cases where 

pneumonia is the primary rationale for antibiotic treatment and if guidelines 

were correctly followed, children with very severe pneumonia were to be treated 

with gentamicin plus penicillin, those with severe (indrawing) pneumonia 

treated with penicillin alone, and those with non – severe pneumonia treated 

with amoxicillin. I explored how children with various severity levels of 

pneumonia (as assigned by clinicians) were treated in the CIN hospitals and 

present the results in Figure 1.2.6. These results demonstrate that clinicians do 

not adhere to guideline recommendations in treating children even if their own 

classifications overlap with those of the guidelines. This demonstrates variation 

in treatment allocation across children with similar recorded clinical symptoms 

and signs. Therefore, this provides the opportunity for examining if differences in 

outcomes are associated with differences in treatment allocation provided 

treatment groups can be made as similar as possible in terms of clinical 

characteristics. See Chapter 3 (sub – section 3.2.3) for exploratory analyses of 

treatment changes during admission. 
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Figure 1.2.6: Prescription of common antibiotic treatment for pneumonia 

according to severity levels assigned by clinicians. 

 

1.2.6.3.2. Treatment of diarrhoea/dehydration 

Adherence to guidelines in oral/iv fluid prescription was examined only for 

children who also had dehydration as a diagnosis (diarrhoea may be a symptom 

of other febrile illnesses e.g. malaria and not associated with dehydration). 

Overall, 8667 out of 12003 children with diarrhoea/dehydration admissions had 

accompanying dehydration (no dehydration (n = 1730), some dehydration (n = 

4320), severe dehydration (n = 2229), and shock (n = 388)). All of these children 
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should have received Zinc therapy. The number of children who were given a 

correct prescription of oral/iv fluid regimens as outlined in the guidelines was 

5322/8667 (61%).  

1.2.6.4. Completeness of key variables 

Key variable data are needed to assign a correct severity level in accordance with 

guidelines and have been shown to be associated with outcome. Thus, these data 

are needed both to assign severity level as an analyst and also to check group 

balance before comparative analysis. Thus this sub – section explores the 

completeness of key variables used in diagnosis of both pneumonia and 

diarrhoea/dehydration. In case of incompleteness, there will be need to fill in 

plausible values using multiple imputation. Multiple imputation methods fill in 

missing values multiple times (59). See a full introduction to these methods in 

Chapter 2 sub – section 2.1. 

1.2.6.4.1. Pneumonia 

Respiratory rate, indrawing, central cyanosis, grunting (children < 1 year), pulse 

oximetry values, ability to drink and AVPU are some of the essential indicators 

for pneumonia diagnosis (Box 1.1.1). Pulse oximetry values are however poorly 

documented in CIN hospitals; this is largely attributable to lack of pulse 

oximeters which the CIN project is unable to provide. Central cyanosis is a 

clinical sign whose overall completeness is 95% it is therefore, used as a 

surrogate indicator of hypoxemia (Table 1.2.1). The overall documentation of 

respiratory rate, indrawing, AVPU and ability to drink is above 85%. 
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Table 1.2.1: Completeness % (key pneumonia variables) 

 All H1 H2 H3 H4 H5 H6 H7 H8 H9 H10 H11 H12 H13 H14 

N 10670 965 835 907 1177 735 571 643 397 966 378 677 1183 200 1038 

Respiratory 

Rate 

87 86 80 84 85 93 49 98 74 64 80 89 90 71 92 

Indrawing 96 99 100 95 99 94 91 96 65 82 78 97 97 87 97 

Central 

Cyanosis 

95 98 99 95 99 94 77 98 98 94 86 96 99 91 95 

Pulse oximetry 

values 

21 0 0 73 30 1 0 58 26 0 0 1 31 0 34 

AVPU 96 95 99 94 98 93 94 96 90 96 92 96 96 99 95 

Ability to Drink 91 93 98 92 95 90 88 85 58 80 73 99 99 83 98 

Grunting 

( <1 year) 

94 92 95 95 97 92 83 91 59 73 69 96 92 73 90 

 

1.2.6.4.2. Diarrhoea/dehydration 

Skin pinch, sunken eyes, capillary refill, AVPU and ability to drink are 

considered key variables for measuring dehydration severity. Overall, 

completeness for each of them is above 80% (Table 1.2.2). 

Table 1.2.2: Completeness % (key diarrhoea/dehydration variables) 

 All H1 H2 H3 H4 H5 H6 H7 H8 H9 H10 H11 H12 H13 H14 

Skin pinch 90 95 84 96 93 90 82 91 47 64 53 93 97 42 96 

Sunken eyes 92 90 76 95 92 96 37 95 69 77 61 94 94 46 91 

Capillary refill 80 92 81 95 93 96 61 83 26 43 39 77 95 33 91 

AVPU 89 93 87 94 91 96 83 91 74 88 59 92 98 31 91 

Ability to drink 87 95 91 92 91 93 82 89 46 60 45 92 91 45 89 

 

The completeness for auxiliary variables (potentially important in understanding 

patient risk although not influence severity classification according to 

guidelines) is presented in Chapters 3 and 5. 
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In section 1.1, I have explained the persistent high burden of mortality and 

major contribution of pneumonia and diarrhoea to this in Sub – Saharan Africa. 

Also, I have discussed the limitations associated with RCTs, provided the current 

evidence for pneumonia antibiotic treatment and Zinc co-treatment for 

diarrhoea, and the potential complementary role of observational analyses if 

studies are well designed and conducted. In section 1.2, I have described data 

used for analysis in this thesis. I now summarise the thesis objectives in section 

1.3, work that addresses some important gaps in the child health evidence base 

linked to treatment of pneumonia and diarrhoea. 

1.3. Thesis Objective 

The objective of this thesis is to examine the emerging use of propensity score 

(PS) methods to support observational comparative effectiveness analyses and 

then apply the most appropriate methods to address topical and clinically 

important pneumonia and diarrhoea treatment questions. This is based on the 

literature gaps explained in sub – sections 1.1.4.1 and 1.1.4.2. To do this I will 

address challenging methodological issues of non – random allocation of 

treatments and missing data (discussed in sub – section 1.1.6) using a large 

routine Kenyan dataset as an example of those that might become available from 

other Lower and Middle Income Countries (LMIC) in the future. In doing this, I 

explore the potential value of and challenges with such data for examining the 

many unanswered questions about treatment of common childhood illnesses in 

African children.  

In particular, PS methods are explored and then applied to address the 

comparative effectiveness of alternative antibiotic treatments for pneumonia and 



42 
 

the use of Zinc as co-treatment for childhood diarrhoea, focusing on questions 

that have been relatively neglected in formal RCTs.  

Data from the Clinical Information Network (CIN, introduced below) are used for 

these analyses (a data collection platform I helped to initiate).   

The specific objectives of the work encompassed in this thesis include to: 

I. Review literature and describe the use of PS and missing data 

methods to minimise bias in observational comparative 

effectiveness evaluations. 

II. Explore how to take guiding principles for credible comparative 

effectiveness evaluation using routine datasets and propensity 

score methods into practice using the CIN dataset to limit bias in 

patient allocation and to overcome the challenge of missing 

covariate data that may be important in achieving balance in 

allocation.  

III. Use the methodological framework in II to tackle candidate 

comparative effectiveness questions for treatments used in 

pneumonia and diarrhoea illnesses for hospitalised children – 

specifically to: 

a) Compare the use of penicillin monotherapy vs. the use of 

penicillin plus gentamicin in treatment of (severe) 

pneumonia.  

b) Conduct sensitivity analyses and examine persistence of bias 

due to unmeasured confounders using alternative PS methods 
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and instrumental variables (see Chapter 2 sub – section 2.1.1 

for an introduction to this method) on antibiotic comparative 

effectiveness question in (a). 

c) Examine the effectiveness of Zinc administration to children 

with diarrhoea/dehydration using the optimised methods 

developed in parts IIIa and IIIb. 

In addressing the specific clinical questions that are of current importance for 

clinical practice both analyses raise issues linked to potential bias in treatment 

allocation. The pneumonia analysis focusses on overcoming possible bias that 

could occur if patients who are felt to be more ill are prescribed broader spectrum 

antibiotic treatment (often felt to be more powerful). This may result in 

imbalanced covariate distribution for groups allocated different treatments. In 

this example, factors that are undocumented such as “gut feeling” (described in 

more detail in sub – section 1.2.5.1) may also play a role in skewing treatment 

allocation such that children who appear to be more severely ill are more 

commonly allocated to one of the treatment arms (potentially resulting in a bias 

suggesting this treatment is less effective). In the second clinical question 

tackled, Zinc for diarrhoea, covariate distribution may also be associated with 

treatment allocation. However, in this case, as Zinc is an oral medication, 

children in receipt of this intervention may be perceived to be less ill (more 

capable of tolerating an oral medication). In both cases I will explore the 

balancing effect of employing propensity scores, the comparative effectiveness of 

interventions, and the plausible persistence of bias by conducting sensitivity 
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analyses using instrumental variables. Finally, I will discuss the implication of 

using observational data for comparative effectiveness in low income countries. 

Having now provided a background to this work, and described the hospital 

population on which these analyses are conducted and the availability of key 

data together with the thesis objectives, I provide a brief explanation for each of 

the subsequent chapters in section 1.4. 

1.4. Overview of thesis chapters 

This thesis is structured to have six chapters. Chapter 1 highlights the 

background to this work – which leads to the thesis objectives.  Chapters 2, 3, 4 

and 5 describe the main results of the thesis. And Chapter 6 discusses the main 

findings. The contents of Chapters 2 – 6 are now briefly described to provide an 

outline of the methods used and findings of the thesis: 

Chapter 2: The use of propensity score and missing data methods in 

observational comparative effectiveness evaluations: a systematic review of 

methods 

This review was needed because prior reviews had focussed on reporting 

elements of PS methods and ignored how missing data are addressed with these 

PS methods. Therefore, objectives for this systematic review were to: 

i) Describe the use of Propensity Scores (PS) focusing on the methodological 

aspects of their application in the general clinical literature. This 

review was pertinent as the latest reviews on PS had focused only on 

acute care and cancer literatures.  
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ii) Assess the methods for handling missing data in estimation of PS and if 

the methods used are in line with the STROBE guidelines (60). The 

STROBE guidelines make recommendations for how missing data 

should be reported in observational studies and in particular, they 

require researchers to report on the proportion of missing data, reasons 

why data are missing and how missing data are addressed.  

Chapter 3: Using observational data to compare the effectiveness of antibiotic 

treatments for children hospitalised with pneumonia in Kenya 

This chapter is sub-divided into two parts: 

Part 1: Analysis protocol 

- Provides the background to the design for a comparative analysis of 

penicillin vs. penicillin plus gentamicin (based on guiding principles 

explained in Chapter 1) in the treatment of inpatient pneumonia. 

- Explains analysis steps to be undertaken after estimating 

propensity scores on multiply imputed datasets.  

Part 2: Results 

- Describes the results of the analyses using the clinical information 

network data based on the protocol in part 1. 

 

Chapter 4: Sensitivity analyses on multiple imputation strategies and 

unmeasured confounders in comparing effectiveness of penicillin monotherapy 

and penicillin plus gentamicin for pneumonia treatment.  

I explore the influence of alternative analytic approaches by extending work 

comparing the effectiveness of penicillin monotherapy and penicillin plus 
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gentamicin on outcomes of treatment for pneumonia characterised with 

indrawing. 

Comparative effectiveness studies based on routine datasets (using PS methods) 

assume that the analysis is limited only to observed variables. However, patient 

populations may differ in terms of unobserved variables. Therefore, this chapter 

explores sensitivity analysis methods such as the use of instrumental variables, 

and PS trimming to investigate how sensitive the derived treatment effect 

estimates in Chapter 3 are to unobserved variables. 

Also, the underlying assumption for multiple imputation is that data are missing 

at random –validity of this assumption is investigated through the use of pattern 

mixture models (61). A further sensitivity analysis approach will be to include 

outcome data in the multiple imputation models. This is because comparative 

effectiveness evaluations are perceived to have two phases: design and outcome 

analysis – and it is advisable to hide outcome data in the design phase (39). This 

by extension implies that outcome data are not used for imputation in the design 

phase and therefore the sensitivity approach examines the effect of including 

outcome data in the multiple imputation models. 

Chapter 5: Examining the effectiveness of Zinc treatment in children admitted 

with diarrhoea in Kenya’s public hospitals: An observational study  

This chapter provides background to the design for the comparative analysis of 

Zinc use vs. no Zinc use in children hospitalised with diarrhoea (based on 

guiding principles explained in Chapter 1). It explains the analysis steps to be 

undertaken after estimating propensity scores on multiply imputed datasets 

(using the methods that perform best in the pneumonia analysis from Chapter 3 
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and 4), and presents the effect on outcomes of Zinc treatment for diarrhoea 

amongst inpatient children. The outcome analysed is a time to event measure 

(time to discharge from hospital) using competing risk models. Importantly 

mortality is treated as a competing risk as it would preclude the chance of being 

discharged alive. 

Chapter 6: Discussion 

This chapter summarises the key findings of the results presented in Chapters 2, 

3, 4 and 5 on: 

- Systematic review on the use of PS and missing data methods in 

observational comparative effectiveness studies. 

- Comparative effectiveness analysis of penicillin plus gentamicin versus 

penicillin alone in treatment of pneumonia. 

- The sensitivity analyses conducted 

- The effectiveness of Zinc co – treatment in diarrhoea admissions. 

Further, it discusses more broadly the potential value and limitations of using 

observational data to explore treatment effectiveness – drawing on the work 

presented in this thesis and the literature. 
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Chapter 2 

A systematic review of the use of propensity score and 

missing data methods in observational comparative 

effectiveness evaluations 

 

This chapter first presents an overview of propensity score and missing data 

methods (section 2.1), then presents a descriptive systematic review of how these 

methods are used in observational comparative effectiveness evaluations (section 

2.2)2.  

 

 

 

 

 

 

 

                                                           
2 Findings of this Chapter on how propensity scores are estimated in the presence of 

missing data were published in the Journal of Comparative Effectiveness Research: 

Malla, L., Perera-Salazar, R., McFadden, E., Ogero, M., Stepniewska, K., English, M. 

(2017, ahead of print). "Handling missing data in propensity score estimation in 

comparative effectiveness evaluations: a systematic review". Journal of Comparative 

Effectiveness Research.  
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2.1. Description of propensity score and missing data methods 

2.1.1. Propensity score methods 

As introduced and defined in Chapter 1 sub – section 1.1.6, a propensity score 

(PS) is the probability of a patient’s assignment into a treatment group given the 

observed covariates. PS may be estimated using either logistic or tree based 

regression models (37) with the outcome variable defined as treatment group. 

Variables included in the PS models should be those that influence treatment 

assignment as well as outcome (62) and can be drawn from published literature 

(and potentially treatment guidelines). Some authors have suggested 

significance testing for variable selection in PS models (63). PS are used (or 

implemented) in four ways: matching, sub-classification, weighting, and as a 

covariate in a regression model for the outcome. Each of these methods is 

described below: 

2.1.1.1. PS matching  

PS matching aims to obtain treatment and (active) control patients who have 

approximately equivalent propensity score values. Clinical literature mostly uses 

two algorithms to select the nearest neighbours – either greedy or optimal. In the 

greedy algorithm, treated individuals are randomly picked one at a time and 

each matched to an individual with the closest PS value in the control group (62). 

Alternatively, treated individuals may be reordered based on PS values then one 

at a time matched to an individual with the closest PS value in the control arm 

(62). The performance of reordering and random picking of treated individuals 

have been compared elsewhere and both were shown to give relatively similar 

matches (64). On the other hand, the optimal algorithm matches patients with 
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the least global distance between them. Distance, here, is defined as the absolute 

difference in the propensity scores between a treated and control patient with 

global distance the sum of all distances between matched treated and control 

patients. Optimal matching is different from greedy matching in the sense that it 

tries to minimise the global distance while greedy matching does not; otherwise 

they can both result in well balanced treatment groups (65).  

If the proportion of patients in control to treatment groups is k in a dataset 

(where k is two and above), then each of the treated individuals may be matched 

with k patients in the control group. This may still be implemented with greedy 

and optimal algorithms –in both it is referred to as 1 to k matching. Also if there 

are fewer controls than treated patients then one control may be shared by more 

than one treated participant – and this process is referred to as matching with 

replacement, while matching without replacement happens when an already 

matched control is not available for matching with other treated patients (62). 

Nearest neighbour matching (1:1 or 1:k) implemented either through greedy or 

optimal matching most of the time reduces the effective sample size. Therefore, 

an alternative PS matching method is optimal full matching which retains all 

the patients in the analysis (while forming subsets3 of treated and control 

patients using the optimal algorithm). This is the only form of matching that 

happens without replacement.  

                                                           
3 See Treatment Estimands sub - section 2.1.1.5 on how the matched subsets are used. 
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 2.1.1.2. PS Weighting 

There are two types of weights4 that may be estimated using PS. The first is 

inverse probability of treatment weights (IPTW) such that treated individuals 

are assigned weights of 1/PS while those in the (active) control group are 

assigned weights of 1/(1 – PS). The second is weighting by odds such that those 

treated are assigned a weight of 1 and those in the (active) control are assigned 

weights of PS/(1 – PS) (37).  

 2.1.1.3. PS sub – classification 

Sub-classification divides patients into mutually exclusive groups based on their 

propensity scores. A standard practice, though not supported by specific 

recommendations, has been subdividing patients into five subclasses (66). One 

approach for creating patient subclasses would be to first conduct one on one 

nearest neighbour matching and then split the population into subclasses (67), 

alternatively one may use PS quintiles  (62). The number of subclasses5 will 

usually depend on the sample size, and for large datasets, more classes with 

reasonable sample sizes would be desirable.  

 2.1.1.4. Regression adjustment using PS 

In this method, the estimated PS is used as a covariate (alongside other 

covariates) in an outcome regression model.  

Before implementing the PS methods and proceeding with the analysis, one is 

supposed to examine the distribution of PS densities in treated and control 

                                                           
4 These weights are used to estimate different treatment quantities as discussed in the 

Treatment Estimands sub - section 2.1.1.5. 
5 See Treatment Estimands sub - section 2.1.1.5 on how the subclasses are used to 

estimate treatment effects of interest. 
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groups to examine if they have substantial overlaps (common support). If there is 

no substantial overlap, then the PS analysis needs to use only the patients 

within the area of common support (68). This is to avoid including patients in the 

analysis with unreasonable distances between them. A dataset may not be 

usable if the PS densities of the groups being compared do not overlap 

sufficiently. Thus, covariate balance between groups needs to be examined – and 

the use of standardised mean differences (SMD), statistical testing (t tests, chi-

square, McNemar’s among others) and graphs (boxplots, SMD plots) have been 

suggested in the literature (37, 62). 

 2.1.1.5. Treatment estimands 

Neyman and Rubin proposed a causal framework called the “Neyman Rubin 

Causal Model (NRCM)” that justifies the need to create a logical comparator (69). 

The NRCM indicates that in an experiment, only one outcome  can be 

observed per patient i conditioned on a given treatment group. However, the 

outcome that would be observed if a patient received alternative treatment 

(that was not given) is always missing.  For instance, if treatment A and (active) 

control B are to be evaluated between two time intervals t1 and t2, patients 

would be enrolled in either but not both of the two groups initiated at time t1. If 

a patient receives treatment A then the observed outcome at time t2 would be 

due to treatment A, and here the missing outcome is that which would be 

observed supposing the patient was enrolled in control group B at time t1. Based 

on this framework, there are two possible effects that could be estimated6: (a) 

                                                           
6 The conditioning “| Treatment = X” indicates the actual treatment received, while the 

sub – index Yiz is the counterfactual. 
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average treatment effect (ATE) which would be estimated as 

 and; (b) average treatment effect 

for the treated (ATT) estimated as . 

Pirracchio (2013) applied these two treatment estimands in simulated data and 

found that both resulted in different effect estimates (70). Thus, in their paper, 

they advised the use of ATT when estimating treatment effectiveness mainly to 

answer the counterfactual question – what the effect would be if the treated are 

denied the treatment. ATE may be examined particularly in prevention 

interventions that may benefit anybody in a larger population. Further, these 

estimands have been linked to particular PS methods – such that ATT would be 

estimated using nearest neighbour matching methods and weighting by odds; 

and ATE estimated using IPTW. When using PS optimal full matching, different 

weights are used to estimate either ATE or ATT: (a) ATE weights are generated 

by assigning patients weights proportional to the total number of patients per 

matched subset (71) and; (b) ATT weights are generated by assigning treated 

patients a weight of one, while patients in control subsets are assigned weights 

derived by dividing the number of treated patients by those in control per subset 

(72). These weights generated with optimal full matching may then be used to 

conduct a weighted regression analysis. For PS sub-classification, ATE and ATT 

are obtained by pooling treatment effect estimates across the subclasses: (a) ATE 

is obtained by weighting of subclass treatment effects using total number of 

patients per subclass and; (b) ATT is obtained by weighting effect estimates 
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using the total number of patients considered to be in the treatment group7 per 

subclass (37). 

 2.1.1.6. Sensitivity analyses to unmeasured confounders 

Propensity score methods generate matched treated and (active) control patients 

whose distribution of measured covariates are as similar as possible. However, 

two patients with similar covariate distribution may still differ in terms of 

unmeasured variables – and this may introduce bias in estimated treatment 

effects (73). It is therefore important to examine if the unmeasured variables 

would potentially influence the obtained results. Two approaches (among others) 

have been suggested: either the use of instrumental variables or Rosenbaum 

bounds (74). An instrumental variable method aims to find a proxy randomised 

experiment in a routine or observational dataset (75), while Rosenbaum’s 

sensitivity analysis method seeks to quantify the amount of bias, due to 

unmeasured confounders, that would be needed to alter the observed results 

(76). See (74, 77) for further information on these methods. 

2.1.2. Missing data methods 

Estimation of propensity scores requires that all covariate data are fully 

observed. However, in case of missing data then patients with missing data are 

excluded from analysis particularly when using non-Bayesian models that are 

most commonly applied in practice. Three methods may be used in the face of 

missing data, these include: complete case analysis, multiple imputation and 

                                                           
7 In comparative analysis, there are individuals considered to be in the treatment group 

of interest and those in the (active) control group. Therefore, ATT estimate is obtained 

by weighting treatment effects by those in the former group per subclass. 
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estimation of PS within various patterns of missing data (78). These methods are 

briefly discussed.  

2.1.2.1. Complete case analysis 

This method excludes all patients if they have missing data in at least one of the 

covariates (or waves of follow up in a cohort study) from the analysis leading to 

loss of power. This approach only results in unbiased estimates when it is 

demonstrable that missing data are unrelated to the study treatments or design. 

For instance, if a cancer patient is enrolled in a follow up study and relocates to 

another city such that subsequent measurements may not be obtained – then 

such data may be understood to be missing completely at random (MCAR) and 

estimation of PS and outcome analysis excluding such patients may be valid. 

2.1.2.2.  Multiple imputation (MI)  

MI involves filling in plausible values for missing data more than once, which 

accounts for uncertainty in filling in unknown values (79). MI is commonly 

practiced under the assumption that data are missing at random (MAR) – and 

this means that the missing data may potentially be related to observed co-

variables but not those that are unobserved (80). For instance, in a follow up 

study, if a patient’s condition was consistently improving over previous visits and 

all of a sudden s/he drops out – then it might be plausible to assume the patient 

is doing better (based on previous information).  

As MI generates multiple datasets, two approaches have been proposed to 

estimate PS – within and across these (59, 81). In the within approach, 

propensity scores (per patient) are estimated for each of the multiple imputed 
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datasets. Then the appropriate PS method is used on each of these datasets to 

create balanced patient groups with treatment effects also estimated within each 

dataset.  While, in the across approach, the estimated multiple propensity scores 

per patient are averaged across the imputed datasets – then used to estimate 

treatment effects in each imputed dataset. Both the within and across 

approaches result in multiple treatment effects which are pooled using Rubin 

rules (59) to account for within and between imputation variability.  

2.1.2.3. PS estimation by patterns of missing data 

This method aims to retain all the patients in an analysis by grouping them 

based on observed covariates and using models to estimate PS in each group. If 

there are clearly defined groupings in the study related to the design – and some 

data may not be obtained due to this, then clearly such data are missing not at 

random (MNAR). And this may be a promising method under the MNAR 

assumption. 

Other less intuitive methods have historically been used to address missing data 

and these include the use of the: previous value to replace missing data (last 

observation carried forward - LOCF), substitution with population mean value 

(simple imputation) and missing indicator method – where those with missing 

data are assigned to a group.  These methods do not account for the uncertainty 

involved in filling in plausible values (82), and almost always bias overall 

estimates particularly if they are not aligned with any missingness assumption. 



57 
 

The three missing data assumptions defined (MCAR, MAR and MNAR) are 

generally not directly testable but are instead justifiable through understanding 

and describing the process that generated the data.  

2.1.3. Software use 

A comprehensive list of software packages for implementing PS methods is 

documented in this link: 

http://www.biostat.jhsph.edu/~estuart/propensityscoresoftware.html; while a list 

of packages for conducting multiple imputation is presented in: 

http://www.stefvanbuuren.nl/mi/Software.html.   
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58 
 

2.2. Systematic review of the use of propensity score and missing data methods 

in observational comparative effectiveness evaluations 

Section summary 

Introduction: There is emerging interest in utilising routine healthcare data for 

causal inference derived from comparative analyses of interventions not 

allocated at random. Such studies must overcome the challenge of non-random 

allocation and, frequently, that of data missing from routine datasets to help 

overcome the inherent limitations in their design. To overcome non-random 

treatment allocation, researchers have increasingly used propensity score (PS) 

methods to create samples of comparable treatment and control populations. 

Even though systematic reviews have examined how aspects of PS methods are 

used in literature, none has reviewed how the challenge of missing data is 

addressed with these methods. This review therefore describes how both 

propensity score and missing data methods are used in observational 

comparative effectiveness studies. 

Methods: Published articles on observational comparative effectiveness studies 

were extracted from MEDLINE and EMBASE databases using the search terms 

(observational stud* and propensity score*). The searches were restricted to 

clinical studies done in the last 7.5 years.  

Results: This search yielded 167 eligible articles. Of these, 100/167 (60%) used 

PS matching with 74/100 (74%) using 1:1 nearest neighbour matching. Majority 

of the articles (n = 126/167, 75%) checked overall balance after applying PS 

methods. Sixty-five percent (n = 108/167) of the articles used multivariable 

regression for outcome analysis on PS adjusted datasets. Only in 35/167 (21%) 
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articles were sensitivity analyses to examine possible influence of unmeasured 

variables on the results attempted. Majority of studies (114/167, 68%) conducted 

complete case analysis with only 53 of them stating this in the methods. Very 

few articles reported use of appropriate methods: multiple imputation (n = 

16/167, 10%) and estimating PS within missing data patterns (n = 3/167, 2%). 

Thirty-seven percent of articles (n = 62/167) provided information on the amount 

of missing data and only seven percent (n=12/167) provided reasons for 

missingness. Only 8/167 articles (5%) fully adhered to STROBE guidelines when 

reporting missing data. 

Conclusions: these findings on the use of propensity score methods are consistent 

with those found in the most recent systematic reviews. The most common PS 

method used is matching. Sensitivity analyses to examine possible influence of 

unobserved confounders were not common. Very few researchers use optimal 

methods for handling missing data or reported their missing data methodology 

which may lead to reporting biased findings. To improve the reliability of their 

findings, researchers should enhance the reporting and quality of their work by 

adhering to suggested guidelines for PS use and handling missing data. Recently 

published PS guidance is available on the EQUATOR website as part of 

STROBE guidelines.   
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2.2.1. Introduction 

 

Existing systematic reviews (45, 46, 83) have focussed on the use and adequacy 

of reporting of PS methods with an aim of examining reproducibility of findings. 

The latest by Zakrison (2017) examined articles published up to July 2015 and 

Yao (2017) examined articles published up to November 2015. The 

methodological aspects examined in these reviews included: variable selection, 

methods for estimating and using PS, checking of covariate balance, methods for 

analysing outcome(s) after PS estimation among others. However, none of the 

reviews examined how PS methods are used in the presence of missing data. 

Analysis may result in biased estimates if missing data are not correctly handled 

(84) even with proper use and reporting of PS methods. On the other hand, 

existing missing data reviews have focused on RCTs or observational studies 

that do not focus on comparative evaluations (for example see (85-87)) – thus 

they have not examined the use of PS methods. Building on previous systematic 

reviews (45, 46, 83, 87, 88), I therefore systematically reviewed published 

observational comparative effectiveness studies primarily to:   

iii) Describe the methodological aspects of PS use in the general clinical 

literature (as the latest reviews had focused only on acute care and 

cancer literature).  

iv) Assess the methods for handling missing data in estimation of PS and if 

the methods used are in line with the STROBE guidelines (60). The 

STROBE guidelines make recommendations for how missing data 

should be reported in observational studies and in particular they 
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require researchers to report on the proportion of missing data, reasons 

why data are missing and how missing data are addressed.  

2.2.2. Systematic review methods 

2.2.2.1. Search terms and literature search databases 

I used the search terms (observational stud* and propensity score*) – and with 

this literature searches were carried out in Embase[OvidSP] (1974 to 2017 June 

30) and Medline[OvidSP] (1946 to 2017 June 30). The searches were further 

restricted to clinical articles published in the last 7.5 years (since January 2010). 

The restriction was motivated by the fact that the STROBE guidelines were first 

published in 2007 (60) and researchers would actively use them three years after 

dissemination and the lag to doing work to publication.  

 2.2.2.2. Inclusion and exclusion criteria 

Primary research studies of observational comparative effectiveness studies, 

published in English, were included. Studies only discussing methods in 

randomised studies, meta-analyses and systematic reviews were therefore 

excluded, although bibliographies from secondary studies were hand searched for 

additional relevant primary observational studies. Conference abstracts were 

also excluded due to the limited information they provided.  Further, studies on 

quasi experiments were also excluded since a researcher may sometimes have 

control over treatment assignment. All the studies excluded as described here 

are referred to as non – primary. 
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 2.2.2.3. Screening of papers and data extraction8 

Abstracts were selected for text review and final inclusion by myself.  If any 

abstract did not offer sufficient information, then the full text was obtained 

(together with supplementary materials) and scanned through for the relevant 

aspects of method(s). I extracted data into structured forms (from the full text of 

the selected articles) which contained variables specific to: (i) article 

characteristics; (ii) propensity score methods and; (iii) missing data methods (see 

Table 2.2.1 for full description of the variables). As some articles used more than 

one PS method, I considered the methods on which results were based as 

primary (the use of other PS methods is also reported). Methods used for sub-

group analysis within these articles were not examined. A second reviewer (MO) 

randomly selected 25% (n = 42) of the articles that met inclusion and exclusion 

criteria and did an independent data abstraction then reviewed methods and the 

degree of agreement was examined using Kappa coefficient (89) and is reported. 

This comparison in agreement was examined for each of: PS variable selection 

method, PS method used, treatment estimand reported, method for estimating 

PS models, checking of balance after PS use, sensitivity approaches to 

unmeasured confounders, proportion of missing data reported, reasons for 

missing data indicated and method used to address missing data. Where there 

was any disagreement, LM (myself) and MO jointly reviewed the article and 

reached a consensus. 

 

 

                                                           
8 In this sub – section, I refer to a colleague in the Health Services Unit as MO 
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Table 2.2.1: List of variables extracted 

# Variable Response options 

 Article characteristics  

1 Year of publication  

2 Title of publication  

3 Number of treatment groups 

compared 

(1) 2 (2) > 2 

4 Setting (country/continent)  

 Propensity score methods  

5 Variable selection method (1) Clinical relevance (2) Statistical 

significance (3) Both clinical relevance and 

statistical significance (4) not mentioned 

6 Propensity score method used (1) Matching (2) Weighting (3) Sub-

classification (4) Regression adjustment (5) not 

mentioned 

7 Treatment estimand reported (1) ATE (2) ATT (3) Both ATE and ATT (4) not 

mentioned 

8 Matching algorithm used (if 

matching is used) 

(1) Greedy (2) optimal (3) nearest-neighbour 

(4) not mentioned (5) matching not used 

9 Type of matching used (1) 1:1 (2) ratio (3) not mentioned 

10 Weighting method (if weighting is 

used) 

(1) IPTW (2) Weighting using PS odds (4) not 

mentioned 

11 Number of subclasses used (if sub-

classification is used) 

 

12 Proportion of effective sample size 

after using propensity score 

methods 

 

13 Method for estimating PS models (1) Logistic regression (logit/probit) (2) 

Regression trees (3) not mentioned 

14 Multiple propensity score methods 

compared to select the best 

performing one 

(1) Yes (2) No 

15 Checking of balance after the use of 

propensity methods 

(1) Yes (2) No 

16 Graphical methods used (1) Yes (2) No 

17 Standardised mean difference used (1) Yes (2) No 

18 Statistical methods used to check 

balance 

(1) Yes (2) No 

19 Common support examined (1) Yes (2) No 

20 Outcome analysis methods (1) Multivariable regression (2) simple 

methods (T-test, relative difference, Wilcoxon, 

etc) 

21 Sensitivity approach to 

unmeasured variables 

(1) Instrumental variables (2) Rosenbaum 

bounds (3) No sensitivity method used 

22 Software used for estimating PS (1) R (MatchIt, Matching, twang, optmatch) (2) 

SAS (3) STATA (4) Other (5) Not mentioned 

23 Missing data methods with 
propensity score models 

 

24 Proportion of missing data reported (1) Yes (2) No  

25 Missing data method reported (1) Yes (2) No  
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26 Missing data mechanism 

mentioned 

(1) Yes (2) No 

27 Reason for missing data given (1) Yes (2) No 

28 Specific missing data mechanism (1) MCAR (2) MAR (3) MNAR (4) Not 

mentioned 

29 Specific missing data method used  (1) Complete case (2) Pattern mixture (3) 

Multiple imputation (4) Not mentioned 

30 Missing data sensitivity conducted (1) Yes (No) 

31 Analysis compared between those 

with complete and incomplete data 

(1) Yes (2) No 

32 Variables included in MI explained 

(if MI used) 

(1) Yes (2) No 

33 Number of imputations specified (if 

MI used) 

(1) Yes (2) No 

34 Methods used to estimate 

propensity scores after MI 

(1) Within (2) Across (3) Not mentioned 

35 Software used for MI (1) R (Hmisc, MICE, mi, etc) (2) SAS (MI) (3) 

STATA (MI) (4) Other (5) Not mentioned 

 

 2.2.2.4. Presentation of findings 

Articles were stratified into four publication time periods; 2010 – 2011, 2012 – 

2013, 2014 – 2015 and 2016 – 2017 to explore trends in practice. Frequencies and 

proportions were used to summarise findings. This review has incorporated 

various methodological aspects recommended in the PRISMA statement (90). 

2.2.3. Results 

2.2.3.1. Study characteristics 

The process of identification and selection of articles is summarised in Figure 

2.2.1.  I identified 2422 articles after 973 duplicates were removed, 2255 articles 

did not meet inclusion criteria leaving 167 articles for full text review (see 

Appendix B –  references for these articles).   
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Figure 2.2.1: Selection process of primary observational studies 

 

Seventy-one percent (n = 118/167) of the eligible articles retrospectively analysed 

routine datasets most of which were derived from medical registry databases.  

The remaining twenty-nine percent (n = 49/167) used prospective designs which 

were based in hospital settings. Most of the articles (90%, n = 151/167) conducted 

comparative analyses using two treatment groups while 10% (n = 16) reported 
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analyses using more than two groups. Almost half of the articles (n = 81/167) 

were based on data from North America (USA and Canada) – while 29% (n = 

49/167), 18% (n = 30/167), 6 /167(n = 4%) and 1/167 (n = 1%) were based on data 

from Europe, Asia, Australia and Africa respectively (Table 2.2.2). 

    Table 2.2.2: Description of the studies 

 n (%) 

Design  

Retrospective 118 (71%) 

Prospective 49 (29%) 

Setting  

North America 81 (49%) 

Europe 49 (29%) 

Asia 30 (18%) 

Australia 6 (4%) 

Africa 1 (1%) 

Number of treatments compared  

2 151 (90%) 

>2 16 (10%) 

 

The Kappa estimates of agreement on the selected PS and missing data 

methodological aspects independently identified by myself and MO ranged from 

0.96 to 1 which indicated excellent agreements. 

 2.2.3.2. Propensity score methods used 

2.2.3.2.1. PS estimation methods and variable selection 

In estimating propensity scores, 78% (n = 130/167) of the articles used logistic 

regression models and 2% (n = 3/167) used tree based regression models. 

However, it was not clear in 20% (n = 32/167) of the articles which methods were 

used to estimate the propensity scores. Slightly more than half of the articles (n 

= 88/167, 53%) listed and justified the variables used in PS regression models; 

42% (n = 70/167) cited clinical relevance and or significance in previous literature 
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and; 11% (n = 18/167) conducted significance testing prior to inclusion in the final 

PS models. 

2.2.3.2.2. PS implementation methods 

Table 2.2.3 summarises the PS methods articles used to adjust for or balance 

covariates between treatment groups.  The most common method used was 

matching (n = 100/167, 60%), followed by regression adjustment (n = 30/167, 

18%), then weighting (n = 23/167, 14%) and lastly sub-classification (n = 14/167, 

8%). Across the time periods, the proportion of articles that used matching and 

weighting seemed to increase while regression adjustment and sub-classification 

seemed to decrease. 

In 100 articles that created balanced treatment and control groups with PS 

matching, 28% (n = 28/100) used the greedy algorithm in selection of populations 

from treatment and (active) control groups, and four articles used the optimal 

algorithm. Many reports (n = 68/100, 68%) did not indicate the specific nearest 

neighbour algorithms implemented. For 23 articles that used weighting, sixteen 

and four used IPTW and weighting by odds respectively, the other 3/23 (13%) did 

not indicate the type of PS weights used. For 14 articles that used PS sub-

classification, numbers of sub-classes used were: 3 – 5 (n = 9/14), 6 – 10 (n = 

3/14), 30 (n = 1/14) and 60 (n = 1/14).  

I also examined the proportion of the dataset that were eliminated from the 

analyses as a result of the method used for PS adjustment. Data were available 

in 114 articles using: PS matching (n = 81/114), weighting (n = 20/114) or sub-

classification (n = 13/114)). For articles that used matching, 35/81 (43%) had 

eliminated more than 70% of the original sample with two studies restricting the 
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analysis to less than 10% of the original sample while the remaining studies (n = 

44/81) use sample sizes between 31 and 90% of the total. The sample sizes were 

much reduced with matching as mostly articles used one-to-one matching (n = 

74/100, 74%) where many patients in the (active) controls were dropped from the 

analyses. Sub-classification and weighting mostly retained 100% of the patients 

in analyses. 

Table 2.2.3: Summary of PS implementation methods  
 2010 – 2011 2012 – 2013  2014 – 2015 2016 -  2017 Total 

Matching 8 (38%) 16 (44%) 37 (67%) 39 (71%) 100 (60%) 

Regression 

adjustment 

9 (43%) 9 (25%) 10 (18%) 2 (4%) 30 (18%) 

Weighting 1 (5%) 5 (14%) 5 (9%) 12 (22%) 23 (14%) 

Sub-classification 3 (14%) 6 (17%) 3 (5%) 2 (4%) 14 (8%) 

Total 21 (13%) 36 (22%) 55 (33%) 55 (33%) 167 (100%) 

 

2.2.3.2.3. Checking of common support and covariate balance after application of 

PS methods 

Twenty articles (12%) examined the degree of common support through the use of 

density plots and histograms and only one article excluded from analysis 

observations from the region outside that of common support. Of the 167 articles, 

126 (75%) checked balance in distribution of covariates between treatment and 

control groups (by PS method: matching (n = 90/126), weighting (n = 17/126), 

sub-classification (n = 11/126), regression adjustment (n = 8/126)). Table 2.2.4 

summarises the methods used for checking covariate balance. As some articles 

used more than one method, the total number of methods exceeded the actual 

number that used them. The most common method was the use of significance 

testing (n = 79/126, 63%), followed by standardised mean difference (n = 46/126, 
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37%) and graphical methods (n = 17/126, 13%). Nineteen articles (11%) used none 

of these three methods but presented variable means per treatment group. 

Table 2.2.4: Summary of methods used for checking distribution of covariate 

balance 

 Graphical 

methods 

Standardised 

mean difference 

Significance testing 

Matching 11 (9%) 39 (31%) 55 (44%) 

Regression adjustment 3 (2%) 2 (2%) 4 (3%) 

Weighting 1 (1%) 4 (3%) 12 (10%) 

Sub-classification 2 (2%) 1 (1%) 8 (6%) 

Total 17 (13%) 46 (37%) 79 (63%) 

* The denominator for calculation of all the percentages is 126 

2.2.3.2.4. Outcome analysis methods with PS methods 

After estimating PS on the datasets, what followed was the outcome analysis. 

Sixty-five percent (n = 108/167) of the articles used multivariable regression on 

the PS adjusted datasets. This number included those articles in which PS was 

used (together with other variables) as a covariate in the regression models. The 

remaining 35% (n = 59/167) used simple methods in outcome analysis. In 

general, the common simple methods used after PS adjustment included: t, chi-

square, log-rank, Kruskal-Wallis, Mann Whitney, Wilcoxon and McNemar’s 

tests.  

2.2.3.2.5. Use of more than one PS method 

Of the 167 articles, fourteen percent (n = 23/167) used more than one PS method. 

Only one of the 23 compared the quality of matched populations (for the different 

PS methods) before conducting the outcome analysis. The remaining 22/23 

conducted outcome analyses without examining the PS method that would result 

in the most balanced population. 
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2.2.3.2.6. Treatment estimands reported  

Two articles clearly reported estimating ATE and only one ATT. The two articles 

that estimated ATE had conducted PS matching and did not provide much 

methodological detail to assess the appropriateness of this estimand with 

matching (as different weighting schemes may be used to estimate ATT if they 

used optimal full matching). The only article that reported ATT had used 1:1 

matching which was an appropriate method. The rest of the articles (n = 

164/167, 98%) did not specifically mention any type of treatment estimand in 

their analyses. However, I implicitly inferred the type of estimands based on the 

PS methods implemented: 14/164 of these articles used IPTW which means they 

estimated ATE while some used weighting by odds (n = 4/164) and 1:1 or ratio 

matching (n = 85/164) which means they estimated ATT. It was not feasible to 

determine the type of estimands used in the remaining 61 articles as they did 

not provide sufficient specific details on the PS methods they used. Based on 

this, it seems the majority of articles estimated ATT. 

2.2.3.2.7. Sensitivity methods to unmeasured covariates 

To assess the possible influence of unmeasured confounders, seven articles used 

instrumental variable analysis, three used Rosenbaum and related approaches, 

and one fitted the same model to a dataset which had a key variable they did not 

measure. A further 24 articles attempted sensitivity analysis by using sub-

groups or a subset of variables within their datasets. However, a majority of the 

articles (n = 132/167, 79%) did not report any sensitivity analyses – although 

113/132 (86%) of these acknowledged the possibility of their results being biased 

due to known or unknown unmeasured confounders. 
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 2.2.3.3. Missing data methods used 

2.2.3.3.1. Reporting of missing data 

Of the 167 articles, thirty-seven percent (n = 62/167) provided information on the 

amount of missing data and only 12/62 provided reasons for missingness. Of the 

12, three articles linked the reasons to the type of missing data mechanism: 

MAR (n = 1/3) and MCAR (n = 2/3). None of the remaining articles that provided 

information on amount of missing data (n = 59/62) commented on any assumed 

missingness mechanism. 

2.2.3.3.2. Missing data methods used 

Missing data were addressed in 51% (n = 86/167) of the articles. The remaining 

81 did not mention how they dealt with missing data (Table 2.2.5). The most 

common approach used was complete case analysis (62%, n = 53/86) – which was 

determined if articles mentioned they excluded individuals due to missing data. 

Among the 81 articles that did not mention any use of missing data methods, 61 

used multivariable regression models to estimate propensity scores using 

standard software (R, SAS, SPSS and STATA). Therefore, I assumed that these 

articles must have used complete case analysis as this is the default method for 

handling missing data in these analytic software. Going by this then the number 

of articles that used complete case analysis would be 114/167. Some articles also 

used ad hoc methods that are likely to result in biased estimates: (a) imputation 

to most common category (n = 4); (b) mean value imputation (n = 3); (c) LOCF (n 

= 2); (d) missing indicator method (n = 1) and; (e) truncation which was used in a 

cohort study (n =1) where data were utilised only up to the earliest time when 
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the first dropout was experienced, and all the follow up data beyond this were 

excluded for everybody. 

Nineteen articles (11%) used more appropriate methods: (a) estimation of PS by 

various patterns of missing data (n = 3) and; (b) multiple imputation which was 

used in 16 of the articles among those that reported missing data methods. 

Among the articles that used multiple imputation; 8/16 (50%) reported the 

number of imputed datasets – with the least being five and maximum 2000 

and,12/16 (75%) explained the variables that were included in the imputation 

models. No article reported diagnostics on the plausibility of multiply imputed 

values. After conducting multiple imputation, only 5/16 (31 %) articles reported 

on how PS and outcome analysis proceeded: (a) four articles indicated to have 

estimated PS and outcome analysis per imputed dataset then pooled estimates of 

treatment effectiveness using Rubin rules and; (b) one article averaged PS across 

the imputed datasets – then used this in the adjusted analysis for all the 

imputed datasets with effects also pooled using Rubin rules.  
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Table 2.2.5: Summary of missing data methods  

 Number of papers 

 2010 – 2011 2012 – 2013  2014 – 2015 2016 - 2017 Total 

Methods not mentioned  11 (52%) 20 (56%) 25 (45%) 25 (45%) 81 (49%) 

Methods mentioned 10 (48%) 16 (44%) 30 (55%) 30 (55%) 86 (51%) 

Complete case 10 (100%) 11 (31%) 16 (29%) 16 (29%) 53 (62%) 

Multiple imputation 0 (0%) 2 (6%) 5 (9%) 9 (16%) 16 (19%) 

Pattern mixture 0 (0%) 1 (3%) 1 (2%) 1 (2%) 3 (3%) 

Imputation to most 

common category 

0 (0%) 0 (0%) 4 (7%) 0 (0%) 4 (5%) 

Simple imputation 0 (0%) 0 (0%) 2 (4%) 1 (2%) 3 (3%) 

Imputation 

(type not specified) 

0 (0%) 0 (0%) 2 (4%) 1 (2%) 3 (3%) 

LOCF 0 (0%) 1 (3%) 0 (0%) 1 (2%) 2 (2%) 

Truncation 0 (0%) 0 (0%) 0 (0%) 1 (2%) 1 (1%)  

Missing indicator 0 (0%) 1 (3%) 0 (0%) 0 (0%) 1 (1%)  

* Some of the percentages did not add up to 100% due to rounding off. 

*The percentages for missing data methods are based on the number of articles that 

mentioned use of methods per reporting time period. 

 

Across the four reporting time periods, the proportion of articles using complete 

case analysis was higher in the articles published in 2010 – 2013 compared to 

the use in articles published in 2014 – 2017. The proportion of articles using 

multiple imputation increased across the four reporting time periods, from none 

in 2010 – 2011 to 16% in 2016 – 2017. 

2.2.3.3.3. Missing data sensitivity analysis 

The only form of sensitivity analysis that was conducted in five articles was the 

comparison of treatment effectiveness estimates derived from analyses of 

multiply imputed datasets and those from complete cases – or comparison of 

estimates between completers and non – completers in cohort studies. However, 

no thorough sensitivity analyses aiming to rule out the possibility of MNAR were 

reported. 
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2.2.3.3.4. Adherence to STROBE guidelines of reporting missing data 

As presented above, adherence to different aspects of STROBE guidelines as 

pertains to reporting of missing data were as follows: indicating reasons for 

missing data (n = 12/167, 7%), reporting amount of missing data (n = 62/167, 

37%), and indicating missing data method(s) used (n = 86/167, 51%).  Overall, 

only 8/167 (5%) articles adhered to all these three aspects. 

2.2.4. Discussion 

The use of PS methods has earlier been examined in systematic reviews.  

Therefore, findings obtained in this review updates the existing literature on the 

use of PS methods and also provides the first insights on how missing data are 

addressed together with these methods in the clinical literature. These findings 

are consistent with the recent systematic reviews by Thoemmes (2011) (45) and 

partly those of Zakrison (2017) (46) in which the number of published articles 

using PS methods have increased over time and majority of researchers continue 

to:  

-  Use PS matching as the preferred method for creating balanced 

treatment groups  

- Not provide sufficient justification for variable selection for PS models; 

- Commonly use logistic regression as the PS estimation method; 

- Check balance of covariate distribution; 

- Use significance testing as the commonest method for assessing balance; 

- Ignore checking of common support in their analyses. 
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As most researchers used 1:1 or 1:k matching, the resulting effective sample 

sizes were often reduced. Efforts should be made to utilise all the data by 

implementing several matching strategies including optimal full matching – and 

base outcome analysis on the method that minimises covariate imbalance to a 

desirable degree and at the same time should retain the largest number of 

patients in the analysis (91). Additional findings in this review show that there 

has been no increase in the number of articles using doubly robust methods in 

which multivariable regression models are used for outcome analysis after 

adjusting datasets with PS. This is in comparison to a previous review by Austin 

(2008) (92) which indicated that a third of studies in medical literature did not 

use proper methods in estimating treatment effects after creating PS adjusted 

datasets. 

As sensitivity analyses to unmeasured confounders were rare in articles I 

reviewed, researchers should also be encouraged to use appropriate methods to 

conduct sensitivity analyses (after PS analysis) including – instrumental 

variables and Rosenbaum bounds to help increase confidence in their findings.  

Among 167 studies with PS, only 86 (51%) discussed missing data issue and 

among them only 16 (19%) used multiple imputation methods to account 

correctly for the missing data.  However, even in these studies reporting was 

incomplete as only 5 (31%) described how results were generated across the 

imputed datasets.  Approximately 68% of the articles based effect estimates on 

complete case analysis but in the majority of cases this was an implicit not 

explicit analysis strategy. This result is consistent with the findings of 

Karahalios (2012) (87) and Eekhout (2012) (88) who reviewed the use of missing 
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data methods in epidemiologic studies (though not specific to the use of PS) and 

also found that most researchers used complete case analysis in practice. 

Complete case analysis may provide unbiased estimates only if data are missing 

completely at random (MCAR). However, only one of the studies provided 

evidence for MCAR and thus appropriately estimated PS and treatment 

effectiveness on complete cases. In other cases, researchers used complete case 

analysis but offered no explanation for why data were missing nor the 

underlying data generation mechanism. This use of complete case analysis may 

result in elimination of substantial numbers of observations and the implicit 

assumption of MCAR can potentially give biased results. In situations where it is 

not known how data were generated (as could be the case when using registry 

datasets), then it is plausible to assume that data are MAR – then use multiple 

imputation in estimating propensity scores. Thereafter sensitivity analysis 

should be used to help validate this assumption because the existence of the 

MNAR assumption may not be ruled out where MAR is thought to hold (93, 94).   

Imputation is aimed at maximising the use of all available data. However, less 

principled methods like simple imputation, LOCF, imputation to most common 

category, truncation and missing indicator (as were used in some of the articles 

in this review) should be avoided (87).  

This review has a number of strengths and limitations.  It is the first study to 

systematically, jointly examine the use of PS and missing data methods in recent 

comparative effectiveness studies using observational datasets. As comparative 

effectiveness is often an implied concept rather than being explicitly stated, I did 

not restrict the search term to further include ‘comparative effectiveness’, and I 
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was able to obtain a potentially more representative number of articles than if 

this was included as part of the search. However, I do acknowledge that some 

articles may have been excluded as searches were not conducted for the grey 

literature. Study selection was only carried out by myself, however inclusion 

criteria were clearly defined and most studies were excluded as they were not 

observational studies comparing treatment outcomes.  Moreover, additional 

review of a random selection of included articles resulted in a very high level of 

agreement. 

2.2.5. Conclusion  

Even though there are no formal guidelines on how PS methods should be 

reported, researchers are encouraged to observe the following reporting 

elements: 

- First define the type of estimand they are interested in, then select 

appropriate PS method linked to the estimands;  

- Examine the common support;  

- Give detailed information on the process of achieving balanced groups – 

for instance they need to report on the model type (logistic or tree based 

regression), variables used in PS models, algorithms (in case of matching 

then either optimal or greedy); 

- Method for examining balance of covariates;  

- Proportion of sample size before and after PS adjustment among other 

elements.  

Detailed information on these recommendations are documented in Stuart 

(2010), Austin (2011), Thoemmes (2011), Zakrison (2017) and Yao (2017, 
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published on EQUATOR website) (37, 45, 46, 62, 83). These recommendations 

are to help researchers in assessing the adequacy and reporting of the PS 

methods they use. In addition to the PS reporting needs, researchers should pay 

attention to how missing data are methodologically addressed to avoid 

unknowingly reporting biased results. These would include (but not limited to): 

- Identifying the most appropriate missing data mechanism (either MCAR 

or MAR or MNAR). If unknown, then researchers may assume MAR. 

- Applying the correct missing data method based on the identified/assumed 

missing data mechanism. Methods and possible mechanisms have been 

explained in sub – section 2.1.2. 

- Then conduct sensitivity analysis in the MNAR framework if data 

generation mechanism was unknown. 

As also suggested by Karahalios (2012) (87), authors and editors should follow 

STROBE guidelines to increase the reliability of findings. That is, reasons for 

missing data should be indicated, amount of and methods used to handle missing 

data should be reported. 
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Chapter 3 

Using observational data to compare the effectiveness of 

antibiotic treatments for children hospitalised with 

pneumonia in Kenya 

 

This chapter is subdivided into two sections which I briefly describe (and later 

discuss) as: 

3.1. Analysis protocol – provides the background to the design for a comparative 

analysis of penicillin versus penicillin plus gentamicin (based on guiding 

principles explained in Chapter 1 sub – section 1.1.6). This section also explains 

the analysis steps to be undertaken after estimating propensity scores on 

multiply imputed datasets.  

3.2. Results – describes and discusses the results of analyses based on the 

protocol in section 3.1.9 

                                                           
9 The protocol and the analysis results were published in BMJ Open as separate papers: 

i) The protocol: Malla L, Perera-Salazar R, McFadden E, et al. Comparative 

effectiveness of injectable penicillin versus a combination of penicillin and 

gentamicin in children with pneumonia characterised by indrawing in Kenya: 

protocol for an observational study. BMJ 
Open 2017;7:e016784. doi: 10.1136/bmjopen-2017-016784. 

ii) The results: Malla L, Perera-Salazar R, McFadden E, et al. Comparative 

effectiveness of injectable penicillin versus a combination of penicillin and 

gentamicin in children with pneumonia characterised by indrawing in Kenya: a 

retrospective observational study. BMJ 

Open 2017;7:e019478. doi: 10.1136/bmjopen-2017-019478. 
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3.1. Comparative effectiveness of injectable penicillin versus a combination of 

penicillin and gentamicin in children with pneumonia characterised by 

indrawing in Kenya: A protocol for an observational study 

Section summary 

Introduction: WHO treatment guidelines are widely recommended for guiding 

treatment for millions of children with pneumonia every year across multiple low 

and middle income countries. Guidelines are based on synthesis of available 

evidence that provides moderate certainty in evidence of effects for forms of 

pneumonia that can result in hospitalisation. However, trials have included 

fewer children from Africa than other settings and it is suggested that African 

children with pneumonia have higher mortality. Thus despite improving access 

to recommended treatments and deployment with high coverage of childhood 

vaccines, pneumonia remains one of the top causes of mortality for children in 

Kenya.  Establishing whether there are benefits of alternative treatment 

regimens to help reduce mortality would ideally utilize large pragmatic clinical 

trials. However, these remain relatively expensive and time consuming.  This 

protocol describes an approach to using secondary analysis of a new, large 

observational dataset (CIN) as a potentially cheaper and quicker way to examine 

the comparative effectiveness of penicillin versus penicillin plus gentamicin in 

treatment of (indrawing) pneumonia. Addressing this question is important as 

although it is now recommended that this form of pneumonia is treated with oral 

medication as an outpatient it remains associated with non-trivial mortality that 

may be higher outside trial populations. Further, the value of using broad versus 
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narrow spectrum antibiotics has rarely been examined in trials (see Chapter 1 

sub – section 1.1.4.1 on summary of evidence).  

Methods and analysis: I used the CIN dataset described in sub – section 1.2.2 of 

Chapter 1. This analysis used inpatient CIN data collected up to March 2016 

when the pneumonia treatment guidelines changed in Kenya. These data were 

generated as part of a large observational research exercise and represent the 

documentation of clinical findings of clinicians in routine practice and their 

treatment prescriptions. Although CIN is an established data collection system 

incorporating a number of data quality checks it still poses challenges of non-

random treatment allocation and missing data. To overcome these challenges 

this analysis used a rigorous approach to study design, propensity score methods 

and multiple imputation to minimize bias.  

Ethics and dissemination: The primary data are held by hospitals participating 

in the Kenyan Clinical Information Network (CIN) project with de-identifed data 

shared with the KEMRI-Wellcome Trust Research Programme for agreed 

analyses. The use of data for the analysis described that are based on de-

identified data collected after patient discharge and that focus on the 

effectiveness of routine treatments was approved by the Kenya Medical Research 

Institute Scientific and Ethical Review Unit.  
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3.1.1. Introduction 

Kenya has developed and disseminated national treatment guidelines largely 

drawing on those of WHO for a number of childhood diseases including 

pneumonia (22, 33). These pneumonia guideline recommendations are based on 

synthesis of available evidence that provides moderate certainty in evidence of 

effects of treatments for forms of pneumonia that can result in hospitalization 

(22, 33). Such guidelines have been shown to be effective in reducing pneumonia 

related mortality and thus Kenyan clinicians are supposed to use them in 

routine practice to treat pneumonia (and other diseases) (43, 95). However, 

although the guidelines are based on the best available evidence, the evidence 

available from trials conducted in Africa remains limited (19). There has also 

been little thorough investigation of the effectiveness of treatments in non-trial 

populations in routine settings that may often differ from those enrolled in 

formal clinical trials. For example, many children admitted with pneumonia may 

have co-morbidity that might exclude them from trials (96). These issues can 

prove problematic when making national guidelines where study generalisability 

can be contested (97).  

The WHO and Kenyan pneumonia treatment guidelines are implicitly based on 

risk stratification of illness with children deemed at higher risk of severe illness 

and mortality offered broad spectrum antibiotic regimens and those at lower risk 

narrower spectrum antibiotics (27, 28, 33, 98). This risk stratification approach 

is operationalized by requiring clinicians to look for specific features in the 

clinical history and examination that are used to define illness severity and 

therefore recommended treatment (see Box 1.1.1 of Chapter 1 for pre – 2016 
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pneumonia severity classification and treatment algorithms). Previous studies 

conducted in Kenya have, however, indicated that clinicians do not always follow 

guideline recommendations in treating pneumonia (43). Variation from the 

guideline recommended approach can occur at the point of pneumonia severity 

assignment (clinicians do not follow the rules linking clinical signs and severity 

category) and at the point of treatment assignment (clinicians do not follow the 

rules linking treatment and severity). This variability in treatment assignment 

provides the opportunity for comparative effectiveness evaluation if similar 

populations of children with pneumonia are prescribed different treatments. 

Clinicians may create such a situation by not following recommendations 

because they have inadequate knowledge or if they believe (potentially contrary 

to the evidence) that certain treatments result in better health outcomes.  

In particular, a previous study showed that clinicians over-prescribed 

gentamicin, adding this to penicillin for the treatment of pneumonia 

characterized by lower chest wall indrawing but no other signs of severe illness 

instead of penicillin alone as was recommended (43)10. Therefore, this protocol 

was developed to explore whether there is any benefit from adding gentamicin to 

penicillin in treating children with indrawing pneumonia. Such a benefit could 

accrue if bacterial causes of pneumonia that were previously (prior to 

introduction of new vaccines) proportionately less common (eg. S. aureus and 

gram negative bacteria) are now accounting for an increased proportion of 

pneumonia deaths – as in such cases, the addition of gentamicin might provide 

                                                           
10 The fact that inadequate knowledge in handling childhood pneumonia may result in 

inconsistent treatment allocation is supported by a survey conducted in seven 

developing countries showing that 56% of nurses and doctors had inadequate knowledge 

in managing pneumonia in children (99). 
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effective treatment for a broader spectrum of pathogens. Tackling this question 

is of importance as WHO have recently changed indrawing pneumonia treatment 

guidance based on trials that suggest equivalence of oral amoxicillin and 

injectable penicillin (100-103). New guidance recommends outpatient oral 

treatment for a population of children previously admitted to hospital (27). 

However, mortality from pneumonia has been reported to be higher in African 

settings (7, 104) despite the increasing use of multiple vaccines spanning: 

measles, pertussis, HiB and pneumococcal conjugate vaccines. It remains 

possible therefore that for a small number of children a broader spectrum 

antibiotic regimen might be of benefit. This study addressed this question that 

has not been the subject of prior community and pragmatic clinical trials. 

3.1.1.1. Objectives 

Primary 

1) Experiment 1: To compare the effectiveness of injectable penicillin 

versus penicillin plus gentamicin (both injectable) in treatment of 

indrawing pneumonia; where severity level is constructed (assigned) using 

data recorded on each child’s clinical signs (hospitals use a structured 

record form that supports recording of signs highlighted in guidelines) 

such that the assigned severity classification is consistent with guideline 

recommendations.  
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Secondary 

2) Experiment 2: To compare effectiveness of injectable penicillin 

versus penicillin plus gentamicin in treatment of indrawing pneumonia; 

where I used clinician documented severity level.  

3) Experiment 3: To compare effectiveness of injectable penicillin 

versus penicillin plus gentamicin in treatment of all cases of pneumonia 

admitted to hospital.  

Experiment 1 was primary as it most approximated a typical randomised trial 

where recruitment would be based on specified clinical signs. This scenario 

provided an evaluation of alternative therapies within a guideline class (where 

children had very similar clinical signs) and thus was the best mimic of a 

prospectively designed comparative evaluation in which clinicians stick to the 

rules of severity classification (see (31) for an example of a RCT in Kenya that 

this would be similar to – where classification is based on clinical signs). 

Recommended treatment for this disease classification was penicillin alone, 

treatment with combination therapy may therefore represent over-treatment. 

Alternatively, the combination treatment that provides broader antimicrobial 

cover could provide an advantage in a small proportion of cases that would only 

be detected in moderately large studies – where the addition of gentamicin offers 

improved treatment for specific organisms not susceptible to penicillin alone.  

Experiment 2 provided a test of alternative therapies amongst those where 

clinicians used their own judgement (possibly including gut feeling) to classify 

and treat (55) and have on occasions (potentially) over-ridden or ignored the 
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guideline recommendations. In this case although the same label of indrawing 

pneumonia is given to all, the treatment selected may be an indicator of 

perceived severity and there may be a potential bias as a result – and the 

propensity score distributions (see below) may help demonstrate this and in 

theory may overcome this potential bias. Here if there is no clinically relevant 

difference between treatments within a group of patients that reflects clinicians’ 

actual classification decisions this could reassure them that monotherapy with 

penicillin (or amoxicillin) would be acceptable. Lastly, experiment 3 was an 

extension of the logic of experiment two. To date there have been no pragmatic 

trials of penicillin alone compared with alternative combination therapies for all 

forms of inpatient pneumonia, and addressing this question was relevant 

possibly for two reasons. First, the population of children admitted with severe 

forms of pneumonia is now largely one that has received H. influenzae Type B 

and pneumococcal conjugate vaccines that have likely changed the aetiology of 

this illness. Second, if clinicians are poorly trained and unable to classify illness 

severity – resulting in non-adherence to guidelines - it would be useful to explore 

the potential impact of this across all levels of severity of pneumonia. This 

analysis had the largest numbers of patients.  

3.1.2. Methods and analysis 

To answer these three questions, I used the Kenyan Clinical Information 

Network (CIN) dataset that provided observational data on all admissions to 13 

Kenyan County (plus one sub - county) hospitals (see Chapter 1 sub – section 

1.2.2 on CIN introduction). The analysis proceeded in two stages – design and 
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outcome analysis as suggested by Rubin (2008) (39) as an objective way for 

analysing observational datasets. 

3.1.2.1. Study Design 

This was an observational study conducting secondary analyses of data routinely 

collected from hospital paediatric wards in Kenya’s CIN. The design process for 

the three experimental scenarios were similar and broadly consisted of the 

following steps suggested in Rubin (2008) (39):  

a) Definition of inclusion and exclusion criteria.  

b) Understanding the pneumonia diagnosis and treatment assignment 

processes. This was to help understand key and auxiliary variables 

required for analysis. 

c) Verification of sample size if sufficient for any meaningful analyses.  

d) Creation of comparable treatment arms – which aimed to analytically 

overcome non – random treatment assignment and deal with missing 

data.  

e) Outcome analysis followed after conceptualisation of design in steps a – d. 

3.1.2.1.1. Inclusion and exclusion 

This analysis included all children aged 2 – 59 months and excluded children 

with any co-morbidity of HIV, meningitis, tuberculosis or severe acute 

malnutrition as there are specific antibiotic treatment rules for these children 

that supersede those for pneumonia. Specifically, Kenyan guidelines for the 

inpatient treatment of pneumonia in children that are HIV infected recommend 

only combination therapy. Importantly therefore children with other co-
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morbidities such as mild anaemia, diarrhoea and malaria would not necessarily 

be excluded from the analysis. 

3.1.2.1.2. Understanding the diagnosis and treatment assignment rules for 

pneumonia paediatric patients 

Clinicians are supposed to use guidelines widely disseminated as the ‘Basic 

Paediatric Protocols’ in Kenya (28) that are adapted from WHO guidance, based 

on available evidence and developed by consensus by a national guideline panel 

(see (40-42)). However, studies have shown that some clinicians do not follow 

treatment guidelines (see Chapter 1 on non – guideline treatment approaches for 

pneumonia). In Kenya, as in many low and middle income countries these 

recommendations reflect the absence of access to further diagnostic tests. Thus 

pulse oximetry, blood culture or tests for inflammatory markers are not routinely 

available (96).  As indicated in Chapter 1, clinicians may fail to adhere to 

guideline recommendations by making errors or over-riding recommendations at 

any of the three steps of assessment, severity classification and treatment 

assignment. However, based on the clinical symptoms and signs recorded it was 

possible to assign a severity classification (and thus expected treatment) based 

on the data. It was a data derived and investigator assigned classification as 

indrawing pneumonia (not necessarily the clinician defined classification) that 

was used in the primary analysis (experiment 1).           
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3.1.2.1.3. Analysis Variables 

a) Outcome variable 

Mortality was used as the outcome variable in all the three experiments. 

b) Independent variables 

These variables were grouped into key and auxiliary. Key variables were defined 

as those that would influence pneumonia severity classification and hence 

treatment based on the treatment protocol (28) (see Box 1.1.1 in Chapter 1). 

Auxiliary variables were defined as those that might, a priori, be expected to 

influence treatment assignment based on clinical reasoning (for example they 

might make a clinician concerned for severe illness), although according to the 

formal rules (the guidelines) they are not considered reasons to alter treatment 

assignment. Such auxiliary variables were identified from those clinical 

symptoms and signs that were routinely collected within CIN. See Table 3.1.1 for 

a summary of key and auxiliary variables that were used in the analyses. 
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Table 3.1.1: Summary of key and auxiliary independent variables for 

experiments 1, 2 and 311 

Experiment 1 and 2 key 

variables 

Experiment 3 key variables Auxiliary variables for 

experiments 1, 2 and 3 

Age (2 – 59 months) Age (2 – 59 months) Gender (male/female) 

Indrawing (present/absent) Indrawing (present/absent) Cough duration (days) 

History of cough (yes/no) History of cough (yes/no) Crackles (present/absent) 

Difficulty breathing 

(present/absent) 

Difficulty breathing 

(present/absent) 

Weight (Kg) 

Level of consciousness – 

AVPU (alert/verbal 

response/pain 

response/unresponsive) 

Level of consciousness – AVPU  

(alert/verbal response/pain 

response/unresponsive) 

Pallor (0, +, +++) 

 Oxygen ordered (yes/no) Capillary refill (immediate, 1 

– 2 secs, 3 – 6 sec, > 6 secs) 

 Cyanosis (present/absent) Fever (present/absent) 

 Inability to drink/breastfeed 

(yes/no) 

Diarrhoea (present/absent) 

 Grunting (present/absent) Convulsions (present/absent) 

 Respiratory rate (breaths/min) Vomiting (yes/no) 

  Referral (yes/no) 

  Length of illness (days) 

  Number of fits 

  Thrush (present/absent) 

  Quinine/artesunate 

(prescribed/not prescribed) 

  Weight for age z – score 

  Wheeze (present/absent) 

  Comorbidities (Malaria and 

or diarrhoea) 

 

3.1.2.1.4. Sample size verification 

Here, sample size verification uses the formula cited in (105): 
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11 Experiment 3 has more key variables than experiment 2 as it considers patient 

populations with “very severe, severe and non –severe pneumonia” – as classified in the 

previous WHO and Kenyan treatment guidelines. Therefore, in addition to variables 

used to classify severe pneumonia, other variables used to classify very severe and non-

severe pneumonia are considered.  
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ns = size of smaller group. 

r = ratio of smaller group. 

  = clinical difference in proportions of the outcome. 

 = corresponds to power of 80%. 

 = corresponds to two – tailed significance level (1.96 for α = 5%) 

  = corresponds to average of outcome proportions in two groups. 

 

The value for  is estimated from studies – two of which formed evidence for 

earlier WHO indrawing pneumonia treatment guidelines. See Table 3.1.2 that 

shows the number of deaths per treatment arm reported in these studies.  

Table 3.1.2: Summary of some of pneumonia studies that informed previous 

WHO guidelines 

Study Treatment arms Mortality 
 

Shann et. al(1985) Chloramphenicol alone 48/377 0.1470 

 Chloraphenicol+Penicillin 62/371 

Addo – Yobo et. al (2002) Injectable penicillin 7/845 0.0050 

 Oral amoxicillin 2/857 

Agweyu (2015) Injectable penicillin 3/264 0.008 

 Oral amoxicillin 1/263 

 

For assessment of sample size for indrawing pneumonia experiments, a 

weighted12  of 0.041 from these studies was used. The ratio r is varied between 

1 and 3. Figure 3.1.1 was generated by fixing power and significance level at 80% 

and 5% respectively. Estimates of  )1( pp   derived from WHO studies were 

substituted in the sample size formula and data simulated in order to see what 

detectable differences would be achieved by different sample sizes. A total 

sample size of about 4000 would be sufficient to detect a minimum difference of 

                                                           
12 Weighting was done using the total sample sizes per experiment. 
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1.5% (absolute difference e.g. a reduction of mortality from X% to X – 1.5%) in any 

of these experiments13.  

 

 

Figure 3.1.1: Sample size verification. 

 

 

 

 

                                                           
13 A sample size of at least 4000 was required for experiment 3 as this was the minimum 

sample for experiments 1 and 2 which were nested in experiment 3. 
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3.1.2.2. Statistical and outcome Analysis 

Statistical analysis proceeded in the following four steps:  

Step 1 – subsets of patients of interest for the experiments were obtained. 

 Experiment 1: First, missing clinical signs data were multiply imputed14 

(excluding outcome data15) – and then key clinical signs data used to 

construct (assign) a pneumonia severity level for all patients based on the 

algorithms in the pneumonia treatment protocol (28). Thereafter, a subset 

of patients with guideline-defined indrawing pneumonia (for each of the 

imputed datasets) was obtained for further analyses.  

 Experiment 2: A subset of indrawing pneumonia patients (where this level 

of severity was indicated by the clinicians) was obtained from the raw 

dataset – and clinical signs data imputed using multiple imputation 

(without the outcome data). 

 Experiment 3: The raw dataset containing all the patients with all forms 

of pneumonia severity was used –and clinical signs data imputed using 

multiple imputation (without the outcome data). 

Step 2 – patient populations in the alternative treatment arms were adjusted 

using propensity score (PS) methods to overcome non – random treatment 

allocation. Standardised mean differences (and where was necessary density 

plots) were used as diagnostic checks for covariate balance and overlap (107, 108) 

between penicillin and penicillin plus gentamicin treatment groups. PS methods 

                                                           
14 For the three experiments, 20 datasets were multiply imputed using chained 

equations (106). 
15 Rubin (2008) advises the hiding of outcome data during the design phase of 

comparative effectiveness studies using routine datasets and by extension this implies 

exclusion of outcome data in multiple imputation. 
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that utilised all the data (PS optimal full matching, weighting and sub 

classification) were examined in experiments 1 and 2 and the method that 

resulted in the minimum average absolute standardised mean differences for the 

majority of the variables and retained the largest number of patients in the 

analysis was considered appropriate (37). While only PS sub-classification was 

used for experiment 3. As experiment 3 aimed to investigate comparative 

effectiveness in all cases of pneumonia, propensity score was used as a proxy for 

disease severity thus patients with lower propensity scores were considered less 

ill while those with higher propensity scores were considered more ill (grouped in 

propensity score subclasses for analysis). 

Step 3: conducting outcome analysis. 

Bayesian log binomial regression models (109) were used to estimate average 

treatment effect for the treated1617. A hospital variable was modelled as a fixed 

effect in the log binomial regression that measured treatment effects on pooled 

data. These models were fitted on each imputed dataset (adjusting for other 

variables used in PS models) and results pooled using Rubin rules (59).  

3.1.2.3. Ethics and dissemination 

The primary data are held by hospitals participating in the Kenyan Clinical 

Information Network (CIN) project with de-identifed data shared with the 

KEMRI-Wellcome Trust Research Programme for agreed analyses. The analyses 

described in this protocol were part of this larger project (CIN) which was 

approved by the Kenya Medical Research Institute Scientific and Ethical Review 

                                                           
16 Treatment group (penicillin plus gentamicin) and active control group (penicillin). 
17 Bayesian models will be used to overcome any bias due to sparsity of data as PS sub-

classification in itself reduces the effective sample size. 
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Committee (Protocol number: 2465). This committee agreed to the use of de-

identified patient data derived from retrospective case record review without 

gaining individual patient consent as is common practice in service evaluation 

research. The findings were useful in understanding the external validity of 

current treatments – and provided a platform on which to do more similar 

analyses for different (combinations of) treatments.  

Having presented the background and methods to this comparative analysis, the 

next section 3.2 presents the primary results of this analysis. 
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3.2. Using observational data to compare the effectiveness of antibiotic 

treatments for children hospitalised with pneumonia in Kenya 

Section summary 

Background: Kenyan guidelines for antibiotic treatment of pneumonia (based on 

severity) recommended treatment of pneumonia characterised by indrawing with 

injectable penicillin alone in inpatient settings until early 2016. At this point, 

they were revised becoming consistent with World Health Organisation guidance 

after results of a Kenyan trial provided further evidence of equivalence of oral 

amoxicillin and injectable penicillin. This change also made possible use of oral 

amoxicillin for outpatient treatment in this patient group. However, given non-

trivial mortality in Kenyan children with indrawing pneumonia it remained 

possible they would benefit from a broader spectrum antibiotic regimen, a 

question not previously adequately addressed. Therefore, the objective of the 

present study is to compare the effectiveness of injectable penicillin monotherapy 

with a regimen combining penicillin with gentamicin. 

Setting and Methods: I used the CIN dataset that captures data on all 

admissions to 13 Kenyan county (plus one sub – county) hospitals. To overcome 

the challenges associated with the non – random allocation of treatments and 

missing data in observational data, I used propensity score (PS) methods and 

multiple imputation to minimize bias. Selection of the study population was 

based on inclusion criteria typical of a prospective trial for the primary analysis 

(experiment 1). I also explored more pragmatic inclusion criteria (experiment 2) 

as part of a secondary analysis. And as an extension of the logic in experiment 2, 

further analysis using data on all children receiving penicillin alone or penicillin 
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and gentamicin in combination was conducted for all forms (levels of severity) of 

pneumonia in experiment 3. 

Results: The analyses included children aged 2 – 59 months with the following 

sample sizes per experiment: experiment 1 (n = 4002), experiment 2 (n = 6420) 

and experiment 3 (n = 10565). Using propensity score adjusted log binomial 

regression, the estimated risk of dying, in experiment 1, in those receiving 

penicillin plus gentamicin was 1.46 [0.85, 2.43] compared to the penicillin 

monotherapy group. In experiment 2 (secondary analysis), the estimated risk 

was 1.04 [0.76, 1.40]. And in experiment 3, the benefit of using gentamicin plus 

penicillin was seen to increase from those who had lower propensity scores to 

higher as was defined by the PS subclasses. 

Conclusion: There is no statistical difference in the treatment of indrawing 

pneumonia with either penicillin or penicillin plus gentamicin. By extension it is 

unlikely that treatment with penicillin plus gentamicin would offer an advantage 

over treatment with oral amoxicillin the currently recommended replacement 

therapy for penicillin.  However, populations currently defined as having 

indrawing pneumonia may experience mortality rates as high as 2%. Efforts 

should be made to identify additional risk factors of severe illness that might 

guide clinicians on the need for an inpatient diagnostic workup and enhanced 

supportive care as policy now recommends outpatient treatment for indrawing 

pneumonia.  
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3.2.1. Introduction 

The WHO recommended guidelines for treating pneumonia have considerable 

influence on policy and practice in low and middle income countries. While the 

evidence base and rigour of guideline development have improved considerably, 

there remain few data on their effectiveness when implemented in non-trial 

settings as discussed in sub – section 1.1.4.1 of Chapter 1. These analyses 

therefore aim to provide extra data from Kenya on comparative effectiveness of 

broader spectrum antibiotic use versus narrower spectrum antibiotic use for 

children with pneumonia. The rationale has been discussed in sub – section 3.1.1 

of the protocol. And in brief, in a recent change to guidance, it is now 

recommended that pneumonia characterized by lower chest wall indrawing be 

treated in outpatient settings with oral medication (24, 27). Yet indrawing 

pneumonia remains associated with non-trivial mortality that may be higher 

outside trial populations (110). Residual mortality may be associated with causes 

that are not prevented by currently available conjugate vaccines and organisms 

that are not susceptible to the antibiotics currently recommended. It is therefore 

possible that children with indrawing pneumonia may benefit from broader 

spectrum antibiotic treatment. Hence I examine the comparative effectiveness of 

gentamicin plus penicillin versus penicillin alone. Also as demonstrated in the 

descriptive analysis in sub – section 1.2.6.3 of Chapter 1, clinicians use 

gentamicin plus penicillin for all severity levels of pneumonia – some contrary to 

the guidelines. Based on these analyses, if there is no advantage of adding 

gentamicin to the treatments, it might be possible to encourage the clinicians not 

to use gentamicin as to prevent overuse and avoid possible toxicity. 
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3.2.2. Methods 

3.2.2.1. Clinical definitions of pneumonia, primary and secondary analyses. 

As explained in the protocol (sub – section 3.1.1), the WHO and Kenyan 

pneumonia treatment guidelines are implicitly based on risk stratification of 

illness with children deemed at higher risk of mortality offered broader spectrum 

antibiotic regimens and those at lower risk narrower spectrum antibiotics (27, 

28, 33, 98). Three categories of clinically diagnosed pneumonia have been 

presented in sub – section 1.2.5. Categorization in this sub – section outlines 

previous and recently revised WHO and Kenyan pneumonia treatment 

guidelines (27, 33). What I refer to as indrawing pneumonia may be associated 

with low but clinically significant mortality rates (110, 111). Prior to March 2016 

recommended treatment for this group was penicillin monotherapy and the aim 

is to examine whether there is any advantage of broader spectrum antibiotics in 

this group. Since March 2016 new guidelines recommend outpatient treatment 

with oral amoxicillin for this group on the basis of trials suggesting equivalence 

of amoxicillin and penicillin. However, as indicated above in sub section 3.2.1, 

very few patients had been included in studies comparing narrow (amoxicillin or 

penicillin) and broader spectrum antibiotic regimens. As indicated above, beyond 

the confines of clinical trials amongst all children being treated for indrawing 

pneumonia, clinical outcomes (including mortality) are worse than seen in the 

trials (7) and clinicians are often choosing not to use a single drug regime and 

are in fact often opting to use the combination of gentamicin and penicillin in the 

group meeting criteria for indrawing pneumonia in real life settings (43). As 

mortality is higher in real life settings than in trials and as the possibility that 
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broad spectrum antibiotics could have an advantage over monotherapy with 

penicillin (or amoxicillin) has not been explored in previous trials, I feel that 

examining whether broad spectrum antibiotics confer an advantage is an 

important question (see sub – section 1.1.4.1 on trials included in systematic 

reviews of antibiotic use for pneumonia). 

The ability to use routine data to compare treatment effects requires that 

patients with similar problems receive different treatments. Previous studies 

conducted in Kenya and elsewhere have indicated that clinicians often do not 

follow guideline recommendations in treating pneumonia (43). Variation from 

the guideline recommended approach can occur at the point of pneumonia 

severity assignment (clinicians do not follow a nationally approved protocol 

linking clinical signs and severity category outlined in Box 1.1.1) and at the point 

of treatment assignment (clinicians do not follow this protocol that links 

treatment and severity). This variability in adherence to protocols provides the 

opportunity for comparative effectiveness evaluation. More specifically, the 

adherence and non – adherence to treatment protocols by clinicians allows us to 

classify indrawing pneumonia admissions in two ways: 

1) Those with clinical signs placing them in the group of indrawing 

pneumonia irrespective of the category or classification assigned to the 

child by the clinician. 

2) Those given a clinician classification of indrawing pneumonia irrespective 

of the actual clinical signs observed by the clinician. 
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Based on these two possibilities 2 experiments (plus a third experiment based on 

the logic of experiment 2) were designed (see protocol above (112)) with specific 

objectives as follows18: 

1) Experiment 1: To compare effectiveness of injectable penicillin 

versus penicillin plus gentamicin (both injectable) in treatment of 

indrawing pneumonia; where the child is identified as belonging to a 

population of children with indrawing pneumonia on the basis of data on 

their recorded clinical signs. The Experiment 1 population of indrawing 

pneumonia is therefore clinically consistent with the pre-2016 clinical 

guideline recommendations that define this condition. 

2) Experiment 2: To compare effectiveness of injectable penicillin 

versus penicillin plus gentamicin in a population in which we use the 

clinician assigned categorisation of indrawing pneumonia, which may not 

be consistent with clinical guideline recommendations. 

3) Experiment 3: To compare effectiveness of injectable penicillin 

versus penicillin plus gentamicin in treatment of pneumonia regardless of 

severity level. 

I defined Experiment 1 as my primary analysis as I propose it would identify a 

population similar to that recruited to a randomised trial where the inclusion 

criteria would be based on specified clinical signs. Experiments 2 and 3 offer 

scenarios that may represent a more pragmatic study design with inclusion 

criteria based around a clinician led classification or, for experiment 3, a 

                                                           
18 All children with danger signs were excluded from experiment 1 and in general (both 

in experiments 1 and 2), children with the following comorbidities were excluded: HIV, 

meningitis, tuberculosis and or acute severe malnutrition. 
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situation in which antibiotic selection seems divorced from recommended clinical 

classifications.  

3.2.2.2. Statistical analysis 

3.2.2.2.1. Defining per protocol and intention to treat populations 

In typical randomised controlled trials, types of analyses to be conducted are 

defined beforehand – and this involves defining the type of patient populations 

that are included in the analyses. Intention to treat and per protocol populations 

derived from observational datasets have been described in Danaei (2013) (113). 

I defined per protocol and intention to treat populations based on the dates 

actual treatments were recorded as prescribed for patients included in my 

primary (experiment 1) and secondary (experiments 2 and 3) analyses. Within 

each experiment, and after applying inclusion and exclusion criteria, I define the 

per protocol population as those whose prescription of one of the two study 

regimens did not change during the admission. The intention to treat population 

is defined by the original treatment assignment and included children in whom 

treatment was subsequently changed (see Figure 3.2.1 in the Results section).  

3.2.2.2.2. Dealing with missing data and propensity score matching 

As CIN comprises data from routine care settings it faces challenges of non – 

random treatment allocation and missing data. The missing data and propensity 

score methods for this analysis have been detailed in the protocol (112). In brief, 

after exploring the patient populations, 20 datasets19 (114) were derived using 

multiple imputation (with chained equations) for each experiment (variables in 

                                                           
19 The current literature (114)  recommends the use of more than 5 imputed datasets 

and therefore 20 should be sufficient. 
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all the experiments had missing data less than 30% – see Appendix C.1). Clinical 

signs and symptoms data considered were those recorded by clinicians as 

patients were admitted. The multiple imputation excluded outcome data as 

guidance on the use of observational datasets for comparative effectiveness 

analysis recommends exclusion of outcome data in the design phase (39). 

Following this, those with missing outcome data were excluded from the analysis 

(missingness in the outcome data were 0.5%, 0.8% and 1.2% for experiments 1, 2 

and 3).  

For each imputed dataset, patient populations in the alternative treatment 

groups (penicillin monotherapy versus penicillin plus gentamicin) were then 

adjusted using propensity score (PS) methods to overcome non – random 

treatment allocation (steps detailed in the protocol sub – section 3.1.2.2). PS is a 

distance measure (37) which is used as a means to overcome allocation bias as 

treatment outcomes in children with similar propensity scores can then be 

compared.  In experiments’ 1 and 2 analyses, I compared three approaches to 

reducing possible bias based on PS – optimal full matching, weighting and sub-

classification (37, 62). All are aimed at creating groups of patients that are 

comparable in terms of the distribution of observed signs and symptoms. For 

each experiment, in order to select the optimum PS implementation method, 

absolute standardised mean differences (ASMD) were used as diagnostic checks 

for covariate balance and overlap (107, 108) between the alternative treatment 

groups. PS methods that resulted in the minimum average absolute 

standardised mean differences for the majority of the variables while retaining 

the largest number of patients in the analysis were considered the most 
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appropriate (37). While only PS sub – classification was used in experiment 3. 

Results of all PS modelling approaches are provided in full in Chapter 4. 

3.2.2.2.3. Analytic modelling  

In sample size calculations conducted prior to the experiments (presented in 

greater detail in the protocol sub – section 3.1.2.1), it was estimated that a 

sample size of at least 4000 would be sufficient for the planned experiments to 

detect a minimum difference of 1.5% in mortality between the two treatment 

groups. The sample size for experiment one was 4002 and experiment two 6420 

(including 3312 of those that were also in experiment 1). In other words, 

experiment 2 largely included those in the experiment 1 population but also 

children not meeting eligibility criteria for experiment 1. And experiment 3 had a 

sample size of 10565. For each of the experiments, after multiple imputation, 

multivariable log-binomial regression models were fitted to PS adjusted datasets 

and adjusting for all the variables also used in the PS models (also as a form of 

sensitivity analyses, treatment effects were estimated on PS unweighted 

datasets). Only pooled treatment effect estimates (across the imputed datasets) 

are reported. 
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3.2.3. Results 

3.2.3.1. Creating per protocol and intention to treat populations 

Examining the dates treatments were given, five treatment arms (per 

experimental scenario) were defined – specifically those who received: (1) 

penicillin alone without changes, (2) a combination of penicillin plus gentamicin 

without changes, (3) penicillin but switched to a combination of penicillin plus 

gentamicin, (4) penicillin but switched to ceftriaxone, and (5) a combination of 

penicillin plus gentamicin but switched to ceftriaxone (ceftriaxone is the 

recommended second line treatment for severe pneumonia). Therefore, per 

protocol analyses would compare patients in treatment arm 1 versus 2, while 

intention to treat analyses would compare patients in treatment arms 1, 3, and 4 

versus 2 and 5 (Figure 3.2.1). 

 

Figure 3.2.1: Summary of patients per treatment arm in experiments 1 – 3 
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In this analysis, intention to treat populations were considered primary and are 

reported in experiments 1 – 3 in keeping with clinical trial reporting guidelines. 

These analyses include a relatively larger number of patients compared to per 

protocol analyses.  The recommended doses of penicillin and gentamicin in these 

hospitals are 50,000 iu/Kg and 7.5 mg/Kg given four times and once daily 

respectively. Additional data suggest most clinicians prescribed these doses 

correctly (see Appendix C.2).  

3.2.3.2. Comparing performance of optimal full matching, weighting and PS sub-

classification in experiments 1 and 2 respectively 

For experiment 1 and 2, the three PS implementation methods were compared to 

determine the one which would result in the least absolute standardised mean 

differences for most of the variables in the analysis (even though all the three 

methods resulted in variables with ASMD<=10%). For experiment 1, PS 

weighting performed better than PS optimal full matching and sub-classification 

and for experiment 2, the performance of weighting was comparable to that of 

optimal full matching (see Figures 3.2.2 and 3.2.3). In both experiments, PS sub-

classification reduced covariate imbalance the least. Thus, in the subsequent 

sections, outcome analyses are based on PS weighted datasets for experiments 1 

and 2. 
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Figure 3.2.2: Comparing performance of the three PS implementation methods in 

experiment 1: 

The y – axis contains all the variables used in the PS models. While x – axis shows absolute 

standardised mean difference (ASMD) which is a measure of covariate balance between the two 

treatment groups. An ASMD value of <= 10% indicates the method has performed well in 

creating comparable groups.  



108 
 

                  

 

Figure 3.2.3: Comparing performance of the three PS implementation methods in 

experiment 2 

 

3.2.3.3. Examining ASMD for PS sub-classification in experiment 3 

Five subclasses were used in experiment 3. After estimating PS for all the 

patients in a dataset, the scores were then sorted and the number of patients 

who received penicillin plus gentamicin subdivided equally (based on PS 

quintiles) within each subclass while the number of patients who received 

penicillin alone varied in the subclasses.  Only subclass 2 had all variables with 

ASMD < 10% (Table 3.2.1). While the remaining subclasses had varying number 

of variables with ASMD > 10% (subclass 1 (n = 3), subclass 3 (n = 2), subclass 4 

(n = 4), and subclass 5 (n = 6)). 
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Table 3.2.1: Experiment 3 – ASMD per subclass 

 Variable 

Subclass 

1 2 3 4 5 

Hospital 0.01 0.05 0.12 0.04 0.04 

Gender 0.02 0.06 0.02 0.11 0.10 

Age (Months) 0.10 0.06 0.02 0.05 0.09 

Weight (Kg) 0.11 0.06 0.02 0.04 0.16 

Central Cyanosis 0.01 0.01 0.04 0.04 0.05 

Indrawing 0.16 0.02 0.11 0.06 0.22 

Grunting 0.00 0.01 0.07 0.07 0.01 

Pallor 0.05 0.02 0.06 0.03 0.04 

Ability to Drink 0.05 0.04 0.03 0.06 0.04 

AVPU 0.01 0.06 0.05 0.15 0.07 

Respiratory (Breaths/min) 0.16 0.03 0.03 0.12 0.19 

Capillary refill (Seconds) 0.08 0.08 0.05 0.04 0.17 

Fever 0.01 0.07 0.10 0.04 0.03 

Comorbidities 0.01 0.03 0.01 0.01 0.02 

Convulsions 0.01 0.02 0.02 0.06 0.03 

Vomits 0.02 0.02 0.04 0.03 0.07 

Temperature 0.02 0.05 0.03 0.07 0.03 

Cough Duration (Days) 0.02 0.09 0.06 0.05 0.10 

Difficulty in Feeding 0.08 0.04 0.02 0.09 0.05 

Crackles 0.06 0.02 0.03 0.06 0.09 

Hospital Referral 0.01 0.02 0.05 0.05 0.05 

Length of Illness (Days) 0.02 0.08 0.03 0.07 0.09 

Thrush 0.02 0.02 0.04 0.03 0.04 

Wheeze 0.02 0.05 0.05 0.15 0.12 

Oxygen Order 0.00 0.01 0.02 0.02 0.17 

IV Fluid 0.02 0.02 0.02 0.07 0.09 

Quinine Prescription 0.07 0.02 0.08 0.08 0.07 

Artesunate Prescription 0.02 0.03 0.07 0.02 0.02 

Weight Age z score 0.08 0.04 0.07 0.07 0.02 

 

3.2.3.4. Outcome Analysis Results 

3.2.3.4.1. Exploring mortality in raw datasets 

Examining the raw datasets without PS adjustments in experiment 1, the 

average number of pneumonia deaths (across the 20 imputed datasets) in the 

penicillin plus gentamicin group was 33/1363 (2.42%) and in the penicillin 

monotherapy group was 26/2639 (0.99%). And for experiment 2, the average 

number of deaths were 87/2296 (3.79%) and 50/4124 (1.21%) in penicillin plus 
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gentamicin and penicillin monotherapy groups respectively. Overall, the average 

number of pneumonia deaths in the penicillin plus gentamicin group was 

approximately two and a half to three times the number of mortality events in 

the penicillin monotherapy group in experiments 1 and 2 respectively. While in 

experiment 3, the average proportion of children who died increased consistently 

from PS subclass one to five. The denominator in the penicillin plus gentamicin 

group is consistent across the five subclasses – as the process of sub-

classification ensured equal number of treated (penicillin plus gentamicin) 

individuals per subclass. While the denominator for penicillin monotherapy 

group reduced from subclass 1 to 5 indicating that the more severe the disease 

the less likely use of penicillin alone as treatment became. PS in this sense 

become a proxy for disease severity, children in subclass 1 were likely to have 

less severe pneumonia (fewer variables with a positive value that may be 

associated with possible risk) and children in subclass 5 were likely to have more 

severe pneumonia (more variables with a positive value that may be associated 

with possible risk) (Table 3.2.2). Therefore, this relationship of PS subclass with 

mortality is expected.  

Table 3.2.2: Pneumonia deaths in experiment 3  

Subclass Penicillin plus Gentamicin Penicillin 

1 21/940 (2.23%) 23/3389 (0.68%) 

2 34/940 (3.62%) 14/1262 (1.11%) 

3 38/940 (4.04%) 17/695 (2.45%) 

4 63/940 (6.70%) 14/376 (3.72%) 

5 108/941 (11.48%) 14/142 (9.86%) 

Total 264/4701 (5.62%) 82/5864 (1.40%) 
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3.2.3.4.2. Modelling mortality risk ratios 

The analysis considered penicillin monotherapy as the reference group and 

mortality as the outcome – and therefore a risk ratio (RR) greater than one 

would be interpreted to favour penicillin over penicillin plus gentamicin. For all 

experiments, the treatment RRs estimated on the unmatched datasets were 

larger than the RR estimated on datasets obtained through PS weighting (see 

Table 3.2.3 for experiment 1 and 2 results). In experiment 2, the PS unadjusted 

analysis showed that penicillin monotherapy was significantly more effective 

than penicillin plus gentamicin (1.68 [1.15, 2.36]). However, the PS weighted 

effect estimate (1.04 [0.76, 1.40]) was much reduced and suggested that use of PS 

had corrected (to a degree) for allocation bias indicating that there was no 

statistical difference in mortality outcomes between penicillin plus gentamicin 

and penicillin monotherapy treatments. It was also observed that the adjusted 

point estimate for any effect difference in experiment 2 (1.04 [0.76, 1.40]) was 

less than that in experiment 1 (1.46 [0.85, 2.43]). This may be due to an increase 

in the number of covariables available for PS weighting that could be used in 

Experiment 2 resulting in closer matching (see Table 3.1.1 of the protocol).  

Table 3.2.3: Treatment effect estimates (RR (95% C.I))                  

 

 Experiment 1 Experiment 2 

Regression without PS adjustment 1.75 [0.94, 2.77] 1.68 [1.15, 2.36] 

PS Weighted data 1.46 [0.85, 2.43] 1.04 [0.76, 1.40] 

 

The pooled PS subclassification treatment effect estimates for experiment 3 was 

statistically significant (1.75 [1.36, 2.27]) – see Figure 3.2.4. This implies that 

overall the use of penicillin monotherapy has a protective effect. This most likely 

demonstrates that PS sub-classification did not completely eliminate imbalance 
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in unobserved covariate distribution in experiment 3 as clinically  gentamicin 

plus penicillin would be expected to be at least as effective as penicillin 

monotherapy. However, as pneumonia severity for patients in experiment 3 

varied more widely as opposed to patient populations in experiments 1 and 2 

(that were considered to have more clinically similar pneumonia severity), 

interpretation should be restricted to the subclass level. When examined as sub-

classes and moving from subclass one to five in experiment 3 – that is moving 

from less to more severe pneumonia - the apparent benefit from penicillin alone 

compared with the use of penicillin plus gentamicin gradually declined (also see 

the Appendix C.3 for convergence diagnostics for the Bayesian models fitted in 

experiments 1 – 3).  

 
Figure 3.2.4: Experiment 3 treatment effectiveness by sublcass: The reference 

category in the analysis is the penicillin group – and therefore any mortality 

effect of RR > 1 would favour the penicillin group        



113 
 

3.2.4. Discussion 

I compared penicillin alone with penicillin plus gentamicin in treatment of 

indrawing pneumonia in populations with overall mortality of 1.5% and 2% in 

experiments 1 and 2 respectively. There were more fatal events in the penicillin 

plus gentamicin group than the penicillin group (approximately 2.5 times) and 

unadjusted analyses pointed, therefore, to a protective effect of penicillin 

treatment. However, adjusted analyses, both in experiments 1 and 2, that aim to 

account for allocation bias that can result from non-random treatment allocation 

suggest that there is no appreciable difference in outcomes between penicillin 

and gentamicin plus penicillin when treating indrawing pneumonia.  

Analyses in experiment 3 demonstrated that children may gain less from 

addition of gentamicin. The lower subclasses (1 – 3) showed counter intuitive 

results that the use of penicillin plus gentamicin was associated with worse 

outcomes – strongly suggesting the persistence of residual bias. One possibility 

would be that gentamicin plus penicillin is mostly prescribed to patients who are 

more likely to die – as a sense of gut feeling by the clinicians (though this is not 

captured as part of the observed covariates in the CIN dataset). The influence of 

gut feeling may extend to experiments 1 and 2 though to a lesser degree as 

patients included may be perceived to be as homogenous as possible in terms of 

danger signs. 

These analyses were conducted using data from over 4,000 children, one hundred 

times more participants than were included in the only prior randomised 

controlled trial of penicillin monotherapy and penicillin plus gentamicin in 

treatment of pneumonia in an Asian population (115). There are continuing 
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concerns of clinically important mortality in children with indrawing pneumonia 

in Africa (111). This has led to hesitation to adopt new WHO and Kenyan 

guidelines that now recommend the treatment of indrawing pneumonia as an 

outpatient using amoxicillin (27, 33). These results suggest that there are likely 

to be two distinct issues. Firstly, they suggest that offering broader spectrum 

injectable antibiotic treatment to children with carefully assessed and classified 

indrawing pneumonia may not improve outcomes compared to treatment with 

penicillin monotherapy. As other studies have suggested equivalence between 

oral (high dose) amoxicillin therapy and injectable penicillin therapy (31, 100-

103)  it seems likely therefore that oral amoxicillin and penicillin plus 

gentamicin combination therapy would result in similar outcomes when used to 

treat carefully assessed and classified indrawing pneumonia. Clinicians should 

therefore carefully adhere to guidelines for treatment of indrawing pneumonia 

and if they do they could avoid using gentamicin helping to prevent any possible 

toxicity. 

Secondly, however, these results suggest that children fulfilling a definition of 

indrawing pneumonia based on clinical signs, and having excluded serious co-

morbidities, may still have an appreciable risk of mortality irrespective of their 

antibiotic treatment (1.5% in all children in experiment 1). When clinicians 

categorise children with indrawing pneumonia and imperfectly adhere to clinical 

sign based guidance mortality tends to be higher (2% in all children in 

experiment 2). These findings point to as yet uncharacterised risk factors that 

could be important in determining which children need admission to hospital as 

current guidance indicates that all those with indrawing pneumonia can now be 
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treated as an outpatient. While offering an alternative antibiotic to amoxicillin to 

this group may not improve outcomes, it is possible that closer and continuing 

observation in hospital may help identify co-morbid or alternative conditions 

that are contributing to this mortality and that may be treated.  

The trials that informed the basis for the revised WHO guidelines (100-103) 

showed extremely low mortality (0 – 0.2%) suggesting that the populations 

included in such trials may not be directly representative of all those to whom 

guidelines are applied in routine settings. In the trial by Agweyu (2015) 

conducted in Kenya (which compared penicillin versus oral amoxicillin for 

indrawing pneumonia) overall mortality was 0.8% (31). In a parallel 

observational cohort providing data from the same hospitals over the same time 

period for children treated with penicillin alone but not included in the Kenyan 

trial mortality was not significantly different but marginally higher at 1.2% 

(Agweyu (2017), submitted) perhaps suggesting that even the limited exclusion 

criteria in this pragmatic trial might result in exclusion of some sicker children. 

Taken together with data from the analyses presented here it does appear there 

is a need to explore whether guidelines might be modified to accommodate 

additional clinical risk factors for possible life-threatening illness that should 

prompt admission. In a population with high coverage with conjugate vaccines 

this may more usefully be for more rigorous evaluation to identify alternative 

diagnoses or for improved supportive care than for different antibiotics as my 

analyses suggest limited scope for benefit from adding gentamicin to treatment.  
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3.2.5. Conclusion 

These results suggest that children with indrawing pneumonia may gain little 

benefit from treatment with gentamicin plus penicillin. And as gentamicin plus 

penicillin had been demonstrated to be superior to chloramphenicol, we can also 

infer that chloramphenicol may be less beneficial too. However, the results also 

suggest that further work is needed to identify those who are at higher risk of 

death who might be prioritised for an inpatient diagnostic work up and improved 

supportive care rather than treated as outpatients.  
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Chapter 4 

Sensitivity analyses on multiple imputation strategies and 

unmeasured confounders in comparing effectiveness of 

penicillin monotherapy and penicillin plus gentamicin for 

pneumonia treatment 

 

As Chapter 3 outcome analyses were based on propensity score weighting for 

experiments 1 and 2, analyses using other propensity score methods, for these 

two experiments, including optimal full matching and sub – classification are 

conducted in this chapter to examine consistency of treatment effect estimates 

across the methods. Also as imputation methods assumed that data were 

missing at random (MAR), departures from this assumption are examined for 

the three experiments by conducting analyses under missingness not at random 

(MNAR). In addition, there is no clear guidance on whether to include or exclude 

outcome data when conducting multiple imputation and estimating propensity 

scores with these methods – in which this Chapter tests methods which would 

yield treatment estimates with minimal bias. Further, influence due to 

unobserved confounders is examined using propensity score trimming and 

instrumental variable analyses. 

This chapter is therefore subdivided into two sections. First, I present sensitivity 

analyses focusing on testing my assumptions when using multiple imputation. 

Second, I conduct sensitivity analyses exploring the possibility that confounding 
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not addressed by the PS methods I used may bias my results. In section 4.1, I 

examine whether including patient’s outcome in multiple imputation strategies 

results in treatment effect estimates that suggest improved prevention of bias.  

Further, I examine the amount of bias eliminated and treatment effect estimates 

obtained when using across and within methods for estimating propensity scores 

(PS) after multiple imputation. As presented in Chapter 2 sub – section 2.1.2 but 

briefly described here – in the across method, propensity scores are averaged 

across the imputed datasets – then PS adjustments are performed using the 

average scores before analysis of outcome data. While in the within method, PS 

adjustment and outcome analysis are conducted for each imputed dataset, with 

effects pooled using Rubin’s rules (59). These methodological aspects are 

examined for all three PS adjustment methods – weighting, optimal full 

matching and sub classification. The final part of this section conducts analyses 

of a different kind to examine whether it is reasonable to assume a missingness 

at random (MAR) mechanism to generate the treatment effect estimates by 

exploring the possibility of missingness not at random.  

As analyses of the Clinical Information Network dataset were limited to the 

observed variables, further analyses are conducted using PS trimming and 

instrumental variables in section 4.2. These methods help in examining the 

sensitivity of primary estimates (derived in Chapter 3) to the potential effects of 

unmeasured variables.  

As is the case in section 4.1 and for completeness in the majority of these 

sensitivity analyses, I conducted analyses presented in section 4.2 using datasets 
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derived by including and excluding the outcome variable in the imputation 

models. 

4.1. Exploring the sensitivity of effect estimates to different multiple imputation 

strategies 

As explained in Chapter 1 sub – section 1.1.6, comparative evaluations using 

observational datasets should strive to have two phases: (a) design and (b) 

outcome analysis. And to have a credible design, the literature (39, 81) 

emphasizes that patient outcome data would not typically be known at the 

design phase. Just like in RCTs, therefore outcomes should only be observed 

when the design is fully set and this is an important feature that should be 

implemented when designing observational studies (39). By extension, multiple 

imputation methods ought to exclude outcome data in imputation models before 

conducting any propensity score adjustments (81). Simulation studies have been 

conducted by Hill (2004), Mitra (2016), and Leyrat (2017) (81, 116, 117) to 

examine the performance of including/excluding outcome data in imputation 

models and when implemented with across and within approaches for estimating 

PS after multiple imputation. According to Hill (2004) (117), the inclusion of 

outcome data in imputation models with propensity scores estimated using the 

within method eliminated the greatest amount of bias in PS matching. However, 

Mitra (2016) (81) found that exclusion of outcome data in imputation models 

with PS estimated using the across method had the potential of eliminating the 

largest amount of bias in PS matching. In a further report, Leyrat (2017) (116) 

demonstrated that PS weighting performed better when implemented with 

inclusion of outcome data in imputation models with PS estimated using the 
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within method. The existing literature therefore presents conflicting results 

suggesting there is as yet no defined best practice to estimate PS after multiple 

imputation, and whether to include or exclude outcome data in the imputation 

models. This section hence reanalyses the pneumonia data presented in Chapter 

3 and explores effects of analysing treatment effects under different scenarios 

which I denote as follows: 

 MIA – multiple imputation excluding outcome data with PS estimated 

using the across method. 

 MIAY – multiple imputation including outcome data with PS estimated 

using the across method.  

 MIW – multiple imputation excluding outcome data with PS estimated 

using the within method (which is the scenario that was used in Chapter 3 

analysis). 

 MIWY – multiple imputation including outcome data with PS estimated 

using the within method.  

These analyses are conducted for each of the three PS implementation methods – 

PS weighting, optimal full matching and sub – classification. 

4.1.1. Measuring bias 

In Chapter 3 I used absolute standardised mean difference (ASMD) as a measure 

of possible bias to select the best performing method among the three PS 

methods (weighting, matching and sub – classification).  ASMD illustrates any 

difference in distribution between treatment and (active) control groups for each 

variable of interest. This kind of bias measure can be used to determine a 

measure reflecting the percent reduction in bias. Based on the definition by Hill 
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(2004) (117), if a quantity (B) is measured in both treatment and control groups, 

then bias is defined as:    , where  are means of 

quantity B in treatment and control groups respectively. If   represents 

bias in the raw dataset and  bias in the propensity score adjusted 

dataset, then the percent reduction in bias (with respect to the raw dataset) is 

expressed as: 

 

I examine the percent reduction in bias for the different approaches for 

sensitivity analysis introduced in sub – section 4.1 to determine their different 

ability to minimise bias. This is examined for each of the variables used in the 

respective PS models for experiments 1 – 3.  

4.1.2. Performance of different methods to minimise bias  

For each of the four scenarios (MIW, MIWY, MIA, MIAY), the analysis process 

follows the steps presented in the protocol in Chapter 3, also summarised in Box 

4.1.1. 
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Box 4.1.1: Summary of analysis steps 

Step 1 – obtaining subsets of patients. 

 

 Experiment 1: First, missing clinical signs data are multiply imputed – 

and then key clinical signs data are used to construct (assign) a 

pneumonia severity level for all patients based on the algorithms in the 

pneumonia treatment protocol (28). Thereafter, a subset of patients with 

guideline-defined indrawing pneumonia (for each of the imputed datasets) 

is obtained for further analyses.  

 Experiment 2: A subset of indrawing pneumonia patients (where this level 

of severity is indicated by the clinicians) is obtained from the raw dataset 

– and clinical signs data are imputed using multiple imputation. 

 Experiment 3: The complete dataset containing all the patients with all 

forms of pneumonia severity is used –and clinical signs data imputed 

using multiple imputation. 

Step 2 – propensity score methods (weighting, full matching and sub-

classification) are used in an effort to create balanced treatment groups and so 

overcome non – random treatment allocation. Bias reduction is then calculated 

for each PS method, with only PS sub-classification methods used in experiment 

3 as previously. It is important to note that comparisons between different 

sensitivity analyses are done within each experiment. 

Step 3: conducting outcome analysis for each scenario. Bayesian log binomial 

regression models are used to estimate average treatment effects for the 

treated20.  

 

Using the method outlined above in sub – section 4.1.1, I estimated percent bias 

reduction for each of the four scenarios (MIA, MIAY, MIW, MIWY) also defined 

at the beginning of this section (see results presented in Appendices D.1, D.2 and 

                                                           
20 Treatment group (penicillin plus gentamicin) and active control group (penicillin). 
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D.3). With these results and for each experiment, I define the following 

distances:   

 D 1 to represent the difference in percent bias reduction between MIAY 

and MIA scenarios. Here, more positives (on more than half of the 

variables) would imply that inclusion of outcome data in imputation 

models contributes to prevention of bias when PS are estimated with the 

across method;  

 D 2 – difference in percent bias reduction between MIWY and MIW 

scenarios – with more positives implying the benefit of outcome inclusion 

in the imputation models when PS are estimated using the within method; 

 D 3 – Difference in percent bias reduction between MIWY and MIAY 

(analyses with outcome included in imputation); 

 D 4 – Difference in percent bias reduction between MIW and MIA 

(analyses with outcome excluded in imputation). 

The distances D 3 and D 4 aim to examine the benefit of using the within method 

compared to using the across method of PS estimation. Based on these measures 

(D 1 – D 4) of bias reduction and as can be deduced from Tables 4.1.1 – 4.1.3 

(across the three experiments defined in Chapter 3 section 3.1), the main 

findings of these sensitivity analyses across these scenarios suggest that in: 

 PS weighting – inclusion of outcome data in imputation models 

contributes to prevention of bias compared to the scenario where outcome 

data are excluded. And estimating PS using the within method gives more 

desirable results than estimation using the across method. 
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 Optimal full matching – the across method performs better with the 

exclusion of outcome data in imputation models – while the within method 

seems to perform better with the inclusion of outcome data in the 

imputation models. PS estimation using the across method seems to give 

better results than when estimated using the within method.  

 Sub – classification – comparable results are achieved when outcome data 

are excluded and included in the imputation models. The across method 

does seem to perform better than the within method of PS estimation. 
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Table 4.1.1: Estimation of distances D1, D 2, D 3 and D 4 in experiment 1 

Variables 
PS weighting PS optimal full matching  PS sub – classification  

D 1 D 2 D 3 D 4 D 1 D 2 D 3 D 4 D 1 D 2 D 3 D 4 

Child sex 12.3 12.3 -1.9 -1.9 -2.1 232.9 -228.0 -463.0 -25.9 -76.3 -28.9 21.5 

Age (months) -4.3 9.2 10.7 -2.9 -0.5 -15.9 -138.2 -122.8 -60.7 -5.1 -54.9 -110.5 

Weight (Kg) 5.6 15.6 8.4 -1.7 8.4 -12.5 -84.3 -63.4 12.0 5.9 -91.2 -85.1 

Pallor 35.4 19.4 -3.4 12.6 3.3 20.0 -29.2 -45.9 31.1 42.6 -60.2 -71.8 

Respiratory rate -8.6 -6.1 6.4 3.9 6.2 14.0 -1.9 -9.7 -4.1 9.1 -9.5 -22.7 

Difficulty in breathing -6.3 -5.0 3.5 2.2 -2.5 6.4 -179.5 -188.4 -1.0 -1.1 0.4 0.5 

Capillary refill 1.3 2.8 11.7 10.3 -0.6 8.3 -51.5 -60.4 3.3 -2.6 -21.5 -15.6 

Fever 249.3 396.5 112.4 -34.8 182.2 768.3 -849.1 -1435.1 328.1 485.4 -398.8 -556.0 

Convulsions 6.5 -56.2 -86.6 -23.9 121.4 39.3 370.5 452.6 -56.8 -69.8 272.5 285.5 

Vomiting -157.2 -305.1 -425.5 -277.6 -483.3 -1166.1 -1552.2 -869.4 -233.3 -269.7 48.6 85.1 

Cough duration (days) 3.7 11.1 -3.8 -11.2 35.4 -49.4 -153.1 -68.3 6.6 -10.6 55.9 73.1 

WAZ score -0.3 0.4 2.2 1.5 -0.3 -1.8 -13.2 -11.7 0.2 0.4 -10.2 -10.5 

Co – morbidities -4.2 0.3 5.1 0.6 -3.1 10.0 65.7 52.6 -3.1 -37.8 -96.5 -61.8 

Crackles 7.0 0.7 -2.8 3.5 13.8 -10.3 -124.9 -100.8 0.2 33.6 -72.6 -105.9 

Hospital referral -11.9 -2.4 22.9 13.5 -34.0 -21.4 -74.7 -87.4 -5.5 24.5 2.6 -27.4 

Length of illness -2.0 100.8 -25.0 -127.8 336.0 206.9 -165.2 -36.1 451.5 100.3 34.9 386.2 

Thrush 18.5 33.5 -3.5 -18.6 12.8 35.5 -83.0 -105.7 27.7 -15.7 -132.9 -89.4 

Wheeze -26.9 -0.4 10.0 -16.6 -46.4 -59.3 -80.7 -67.9 -34.6 -42.2 62.7 70.3 

% of positive distances 50% 67% 63% 50% 50% 63% 13% 13% 50% 44% 39% 39% 

* The numbers presented in the table are expressed in terms of percentages. Positive (highlighted in blue) values indicate 

benefit of a method while negative (highlighted in brown) shows reduced benefit. D 1 is the difference in percent reduction in 

bias between MIAY and MIA; D 2 = MIWY – MIW; D 3 = MIWY – MIAY and D 4 = MIW – MIA. 

* In estimating the distances (D 1, D 2, D 3 and D 4), it is possible to have large percentage reduction/increase in bias even if 

the estimated ASMDs both in the raw data and PS adjusted datasets are small (< 0.1). For example, if ASMDs in  raw and 

PS adjusted datasets are 0.0001 and 0.01, then the estimated percentage increase in bias would be 9900% - though both 

ASMDs are within tolerable limits of imbalance (< 0.1). 
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Table 4.1.2: Estimation of distances D1, D 2, D 3 and D 4 in experiment 2 

Variables 
PS weighting PS optimal full matching  PS sub – classification  

D 1 D 2 D 3 D 4 D 1 D 2 D 3 D 4 D 1 D 2 D 3 D 4 

Child sex 0.3 -7.4 -0.3 7.3 -12.1 -20.8 -295.9 -287.2 -14.6 3.4 -93.4 -111.4 

Age (months) -0.2 12.9 18.0 5.0 -5.9 -23.0 -124.9 -107.9 -6.7 -5.6 -92.3 -93.4 

Weight (Kg) 2.3 9.7 9.6 2.3 -16.5 -33.1 -72.7 -56.1 -12.1 -0.8 -76.4 -87.7 

Pallor 5.8 11.6 4.8 -1.0 -19.5 -21.2 -27.8 -26.1 -2.0 14.0 -7.3 -23.4 

Respiratory rate -4.7 -13.4 -11.3 -2.7 -14.9 -5.5 -62.9 -72.4 2.3 -9.7 -12.7 -0.8 

Difficulty in breathing -1.9 -1.6 -2.9 -3.2 -7.7 -22.7 -63.8 -48.7 4.2 3.9 -1.1 -0.8 

Capillary refill -1.4 1.5 -3.9 -6.8 4.1 7.2 -43.2 -46.3 -0.7 -0.7 -25.7 -25.7 

Fever -1.5 -5.5 6.4 10.4 21.9 2.8 -154.1 -135.1 -0.6 -16.5 -92.1 -76.3 

Convulsions 31.6 58.7 46.3 19.2 -674.4 206.9 886.6 5.3 153.2 -336.1 -557.1 -67.8 

Vomiting 408.1 303.0 10.8 115.9 1924.4 -412.9 -3408.6 -1071.3 906.9 1562.3 -2919.9 -3575.4 

Cough duration (days) -2.0 9.4 17.9 6.5 -5.5 165.8 -2559.2 -2730.6 -9.9 28.6 -173.9 -212.4 

WAZ score -1.1 -0.2 3.5 2.6 1.6 -3.1 -8.8 -4.1 -9.8 -0.8 -4.8 -13.8 

Co – morbidities -0.1 0.1 1.0 0.8 16.0 -8.5 35.6 60.0 0.6 -15.1 -63.7 -48.0 

Crackles -0.9 1.4 -5.6 -8.0 6.4 29.0 -21.5 -44.1 2.4 9.0 -8.0 -14.6 

Hospital referral 2.4 -1.9 10.1 14.5 9.9 -26.0 -68.6 -32.7 5.3 -6.3 -6.3 5.2 

Length of illness (days) -7.8 11.3 14.7 -4.4 -13.3 75.4 -1790.7 -1879.5 12.5 27.7 -93.0 -108.3 

Thrush 525.3 1546.4 186.2 -834.9 1048.3 1827.5 -87.1 -866.3 1190.4 2255.0 -656.0 -1720.7 

Wheeze 14.1 25.6 15.2 3.7 -46.0 185.1 -1056.5 -1287.6 37.9 -34.1 -26.5 45.5 

Indrawing 15.5 4.8 -27.0 -16.3 45.1 147.8 -283.5 -386.2 12.1 -2.8 -34.8 -19.8 

Oxygen order -0.7 2.6 -0.7 -4.0 1.3 10.1 -94.0 -102.8 -1.0 -4.3 -22.8 -19.4 

Ability to drink 6.3 -11.9 -3.2 14.9 -12.0 -81.1 -61.3 7.8 -4.1 -57.2 -30.7 22.4 

Central cyanosis 8.9 11.2 0.8 -1.5 -40.0 336.5 -1857.3 -2233.8 -9.3 -23.4 -128.7 -114.6 

Grunting 0.5 0.4 -5.5 -5.5 -0.7 11.0 -44.1 -55.7 -2.6 5.8 -31.2 -39.6 

% of positive distances 52% 65% 61% 52% 43% 52% 9% 13% 47% 39% 0% 13% 
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Table 4.1.3: Estimation of distances D1, D 2, D 3 and D 4 in experiment 3 

Variables 
PS sub-classification 

D 1 D 2 D 3 D 4 

Child sex 44.5 -15.3 -61.0 -1.2 

Age (months) 0.1 -6.7 -10.8 -4.0 

Weight (Kg) -1.7 4.1 -1.6 -7.3 

Pallor 10.5 30.6 -10.8 -30.9 

Respiratory rate -0.2 1.1 6.9 5.7 

Difficulty in breathing -0.4 -5.0 -7.0 -2.3 

Capillary refill 0.8 4.9 -3.7 -7.8 

Fever 8.3 -36.8 -22.9 22.2 

Convulsions -14.0 -21.2 -14.5 -7.3 

Vomiting 5.4 -6.4 -35.2 -23.4 

Cough duration (days) -18.9 127.9 -33.4 -180.2 

WAZ score -0.4 -0.2 -1.8 -2.0 

Co – morbidities 3.3 28.6 90.2 64.9 

Crackles 0.4 0.3 -1.9 -1.8 

Hospital referral -3.9 -1.4 0.7 -1.9 

Length of illness (days) -69.4 42.1 -35.5 -147.1 

Thrush -475.1 -296.6 35.9 -142.5 

Wheeze -0.5 -17.7 -1.3 15.8 

Indrawing 0.7 -3.5 -2.0 2.1 

Oxygen order -0.8 -2.6 -9.4 -7.5 

Ability to drink 3.8 1.2 0.6 3.2 

Central cyanosis -0.4 11.2 -27.2 -38.7 

Grunting 0.2 -4.6 -13.0 -8.3 

% of positive distances 43% 43% 22% 26% 

 

4.1.3. Treatment effect estimates obtained in the various sensitivity analysis 

approaches 

Next, in this sub – section I present the treatment effect estimates in Tables 

4.1.4 – 4.1.6 for PS weighting, optimal full matching and sub – classification 

under the defined scenarios above (MIA, MIAY, MIW and MIWY). All the 

treatment effect estimates in experiments 1 and 2 (Tables 4.1.4 and 4.1.5) 

support the conclusions in Chapter 3 of no statistical difference between 

penicillin monotherapy and penicillin plus gentamicin combination therapy in 

treatment of indrawing pneumonia (Chapter 3 results are highlighted in Tables 
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4.1.4 and 4.1.5). Also approximately similar results (to those obtained in Chapter 

3 – highlighted in Table 4.1.6) were observed with sub classification under the 

four scenarios of MIA, MIAY, MIW and MIWY in experiment 3 – that is the 

apparent benefit from penicillin alone compared with the use of penicillin plus 

gentamicin gradually declined moving from less to more severe pneumonia 

(subclass 1 through to 5) – see Table 4.1.6. 

Table 4.1.4: Treatment effect estimates (experiment 1) 

  Weighting Full matching Sub classification 

MIA  1.18 [0.61, 2.26] 0.83 [0.50, 1.32] 1.31 [0.70, 2.44] 

MIAY 1.07 [0.58, 1.99] 0.97 [0.58, 1.62] 1.38 [0.73, 2.61] 

MIW  1.46 [0.85, 2.43] 1.28 [0.79, 2.07] 1.46 [0.82, 2.61] 

MIWY 1.23 [0.69, 2.20] 1.05 [0.65, 1.71] 1.31 [0.72, 2.38] 

* The highlighted estimates are derived from the models used in the primary 

analyses in Chapter 3 

 

Table 4.1.5: Treatment effect estimates (experiment 2) 

  Weighting Full matching Sub classification 

MIA  1.05 [0.69, 1.58] 0.92 [0.69, 1.24] 1.35 [0.91, 2.00] 

MIAY 1.06 [0.70, 1.57] 1.10 [0.80, 1.51] 1.47 [0.99, 2.18] 

MIW  1.04 [0.76, 1.40] 1.21 [0.87, 1.66] 1.56 [0.92, 2.37] 

MIWY 1.05 [0.71, 1.54] 1.18 [0.83, 1.66] 1.45 [0.97, 2.18] 

 

Table 4.1.6: Treatment effect estimates (experiment 3) 
  MIA  MIAY MIW  MIWY 

Subclass 1 3.77 [1.29, 11.01] 3.29 [1.20, 8.94] 2.71 [1.56, 4.71] 3.05 [1.08, 8.65] 

Subclass 2 2.16 [1.28, 3.63] 1.99 [1.11, 3.60] 2.58 [1.34, 4.95] 2.28 [1.32, 3.94] 

Subclass 3 2.12 [1.18, 3.79] 2.00 [1.17, 3.44] 2.07 [1.19, 3.60] 1.90 [1.11, 3.27] 

Subclass 4 2.29 [1.25, 4.16] 2.10 [1.18, 3.71] 1.52 [0.84, 2.75] 1.97 [1.10, 3.51] 

Subclass 5 0.87 [0.55, 1.42] 0.90 [0.57, 1.43] 0.98 [0.60, 1.59] 0.98 [0.61, 1.58] 

Pooled 1.69 [1.31, 2.21] 1.64 [1.28, 2.12] 1.75 [1.36, 2.27] 1.69 [1.31, 2.18] 
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4.1.4. Exploring whether analyses assuming MAR are appropriate 

The plausibility of data missing at random (MAR) is examined by conducting 

analyses in the framework of a missingness not at random (MNAR) mechanism. 

As defined in Chapter 2 in sub – section 2.1.2, in MAR mechanism, observed 

data may be used to predict the missing values as part of multiple imputation. In 

the analysis of CIN data in Chapter 3, where there were missing data, I assumed 

the clinicians unintentionally failed to record such clinical data or fill some 

sections of the treatment sheets potentially resulting in data that are missing at 

random (and the missingness process is therefore ignorable). Under this 

assumption, the recorded data by clinicians would plausibly be predictive of 

missing data.  However, it is also possible that data are missing for reasons that 

are not random but linked to the data recording process. For example, it may be 

related to unavailability of devices (such as thermometers) that support clinical 

measurements. These reasons are not necessarily known but could create a 

scenario in which data are missing not at random.  The use of patterns of 

missingness within the data supposes that there are unmeasured factors that 

create much more missingness in some medical records than in others so there is 

an underlying non – random factor. Thus conducting multiple imputation and 

subsequent analyses on data subsets that display different patterns of 

missingness may provide an indication (if results vary) that assumption of MAR 

may not be feasible. The results from analyses of subsets of data with different 

missingness patterns may then be pooled across the different scenarios (118) and 

compared with results obtained under MAR mechanism. The MAR mechanism 

may be considered plausible if MAR and these MNAR results give similar 
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conclusions (119). Otherwise results may have to be interpreted in the context of 

a MNAR mechanism. 

Even though there are different models (see (94, 118) for a discussion) that may 

be fitted in the MNAR context, Molenberghs (2004) (94) indicate that the use of 

pattern mixture models may play a major role in missing data sensitivity 

analysis. Pattern mixture models are implemented in Bell (2014) where it is 

indicated that fitting of other MNAR models may be complicated and require 

specialised software (118).  In this analysis, pattern mixture models involve 

formulation of different missing data patterns – and outcome analyses are then 

conducted for each pattern and pooled. This form of grouping of patients for 

MNAR was implemented in Gathara (2017)(53). The pneumonia analysis 

involved missing data in more than one covariate and therefore patterns are 

formulated by grouping of patients according to the number of variables for 

which they have missing data. In particular, three patterns are formulated in 

which group 1 consists of patients with missing data in 0 – 3 variables, group 2 

consists of patients with 4 variables with missing data, and group 3 consists of 

patients with more than four variables with missing data (there were 18 and 23 

variables in experiments 1 and 2). For illustrative purposes, analyses using 

pattern mixtures are only conducted for PS weighted and matched datasets for 

experiments 1 and 2 in the MIW scenario. Data are first multiply imputed within 

each group (pattern) separately (using 20 datasets), then propensity score and 

outcome analyses are also conducted on each of these groups / missingness 

patterns separately (this reduces the power of any one analysis but the aim is to 

check consistency of results). The results of estimates of treatment effect for each 
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pattern are then pooled using meta-analysis, by weighting the estimates using 

the proportion of patients in the gentamicin plus penicillin group in each pattern 

(61). 

The number of patients in the gentamicin plus penicillin treatment group in each 

pattern is approximately half of those in the penicillin alone group – both in 

experiments 1 and 2 (see Tables 4.1.7 and 4.1.8).  

Table 4.1.7: Experiment 1 distribution of patients by treatment group per 

pattern 

Pattern Penicillin alone Penicillin plus 

Gentamicin 

Total 

 N % N % N % 

1 1408 54.23 818 58.18 2226 55.62 

2 584 22.50 288 20.48 872 21.79 

3 604 23.27 300 21.34 904 22.59 

Total 2596 100.00 1406 100.00 4002 100.00 

 

Table 4.1.8: Experiment 2 distribution of patients by treatment group per 

pattern 

Pattern Penicillin alone Penicillin plus 

Gentamicin 

Total 

 N % N % N % 

1 2067 50.16 1220 53.07 3287 51.20 

2 923 22.40 432 18.79 1355 21.11 

3 1131 27.44 647 28.14 1778 27.69 

Total 4121 100.00 2299 100.00 6420 100.00 

 

In each pattern (both for experiments 1 and 2), the performance of propensity 

score full matching and weighting methods were compared. As demonstrated in 

Figures 4.1.1 and 4.1.2, both of the methods managed to minimise imbalance of 

covariate distribution between gentamicin plus penicillin and penicillin 

monotherapy in all the patterns (the ASMD for all the variables <=10%). 
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Figure 4.1.1: Experiment 1 balancing of covariates by patterns 
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Figure 4.1.2: Experiment 2 balancing of covariates by patterns 
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The pooled treatment effects across patterns 1 – 3 (Tables 4.1.9 and 4.1.10), for 

experiments 1 and 2, were consistent with those obtained in the primary 

analysis under a missing at random assumption in Chapter 3. These estimates 

are larger compared to corresponding estimates derived in primary analysis – 

which I call MAR estimates – but show no statistically significant differences in 

effect of the two antibiotic regimens. The loss of power in the analysis is 

evidenced by larger credible intervals. In case the credible intervals of the MAR 

and pooled MNAR do not overlap then this may indicate that data are 

potentially MNAR (93). However, the overlap of estimates obtained from 

analyses linked to these two mechanisms is substantial suggesting it is 

reasonable to assume MAR in the data used in this thesis. 

Table 4.1.9: Experiment 1 treatment effect estimates  
Pattern Unmatched data Matched data Weighted data 

1 1.86 [0.90, 4.10] 1.58 [0.83, 3.06] 1.97 [0.91, 4.57] 

2 2.61 [0.76, 9.03] 1.39 [0.47, 3.71] 2.36 [0.68, 10.59] 

3 1.92 [0.68, 5.05] 1.65 [0.64, 4.06] 1.72 [0.65, 4.76] 

Pooled  2.01 [0.82, 5.05] 1.55 [0.70, 3.35] 1.97 [0.80, 5.47] 

MAR estimates 1.75 [0.94, 2.77] 1.31 [0.80, 1.92] 1.46 [0.85, 2.44] 

* The MAR row is the result from Chapter 3 and it is displayed to allow comparison with the 

pooled estimates from pattern specific estimates. 

Table 4.1.10: Experiment 2 treatment effect estimates  
Pattern Unmatched data Matched data Weighted data 

1 2.08 [1.20, 3.63] 1.63 [0.99, 2.61] 1.48 [0.94, 2.36] 

2 3.19 [1.07, 9.49] 2.29 [1.04, 5.00] 2.03 [0.82, 5.37] 

3 1.58 [0.75, 3.46] 1.60 [0.85, 3.00] 1.54 [0.79, 3.03] 

Pooled  2.08 [1.03, 4.31] 1.72 [0.96, 3.06] 1.57 [0.88, 2.94] 

MAR estimates 1.68 [1.15, 2.36] 0.92 [0.69, 1.20] 1.04 [0.76, 1.40] 

 

In summary, pattern mixture analysis has demonstrated that missing data 

patterns do not influence the overall treatment estimates – thus it would be 

plausible to consider the variables to be missing at random (MAR). 
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4.2. Exploring the potential for unmeasured confounding to bias treatment effect 

estimates 

Propensity score methods aim to generate matched treated and (active) control 

patients whose distribution of measured covariates are as similar as possible. 

However, two patients with similar covariate distribution may still differ in 

terms of unmeasured variables – and this may introduce bias in estimated 

treatment effects (73). 

Biologically, the effectiveness of gentamicin plus penicillin (when administered 

in correct doses) is expected to be the same or greater than that of penicillin 

monotherapy. The addition of gentamicin to penicillin has a possible advantage 

against some micro-organisms (Gram negative – which include Legionella 

pneumophila, Klebsiella pneumoniae, Pseudomonas aeruginosa, and Gram 

positive for example Staphylococcus aureus) potentially causing indrawing 

pneumonia (120). Thus my hypothesis is that penicillin plus gentamicin might 

confer an advantage in terms of survival. However, it is important to explore for 

unexpected results and so the analyses are based on two – tailed tests of 

significance. Should I find no difference between the treatment arms, then the 

absence of difference may reflect true lack of a biological advantage in this 

population or might reflect inadequate power to detect only a small effect. 

Otherwise should I find better outcomes for penicillin than for penicillin plus 

gentamicin then biologically this would be an unexpected finding – given the 

known adverse effects of gentamicin. Such a finding would perhaps raise greater 

concerns about possible residual bias given the possibility that sicker children 

might preferentially be treated with penicillin plus gentamicin. The use of PS 

https://en.wikipedia.org/wiki/Legionella_pneumophila
https://en.wikipedia.org/wiki/Legionella_pneumophila
https://en.wikipedia.org/wiki/Klebsiella_pneumoniae
https://en.wikipedia.org/wiki/Pseudomonas_aeruginosa
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methods should help overcome treatment allocation bias but may not eliminate 

residual bias. When interpreting the findings of the comparative effectiveness, it 

will therefore be important to examine what effect PS adjustment has both on 

the statistical significance and the direction of any effect difference.  In the 

particular case where there appears to be an advantage of using penicillin alone 

then this finding might particularly raise concern over residual bias. 

In Chapter 3, I describe experiments comparing mortality in groups receiving 

penicillin and penicillin plus gentamicin combination therapy. In these 

experiments, risk ratio values lower than 1 suggest a lower mortality favouring 

penicillin plus gentamicin over penicillin monotherapy21 in treatment of 

indrawing pneumonia. In the Experiment 2 results (on unmatched data) risk 

ratios greater than 1 suggest that penicillin was significantly more effective than 

penicillin plus gentamicin. However, the use of propensity score methods 

(optimal full matching, weighting and sub-classification) minimised imbalance, 

though to different extents, on observed variables between patients in the two 

treatment groups. As a result, differences in observed treatment effects lessened 

(risk ratios approximated 1) and were no longer significant. Although not 

statistically significant in PS adjusted models the direction of effects in most of 

the analyses reported in Chapter 3 suggested better outcomes with penicillin 

monotherapy potentially indicating the presence of hidden bias in the data (see 

highlighted results in Tables 4.1.4 and 4.1.5). This is because biologically 

effectiveness of penicillin and gentamicin would be expected to be at least that of 

penicillin monotherapy. I therefore conduct sensitivity analysis (using PS 

                                                           
21 Penicillin monotherapy was used as the reference category for the treatment variable. 
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trimming and instrumental variables – described below) to examine the 

reliability of estimates of the primary results obtained in experiments 1 and 2. 

4.2.1. PS trimming 

When using routine datasets in comparative analyses it would be ideal to have 

treatment groups with 100% overlapping distributions of background 

characteristics. However, complete overlap may not be achieved and therefore 

Stürmer (2010) (121) suggests exclusion of patients outside the overlapping 

region (where there is an inability to find appropriately matched patients). One 

possibility explaining a tendency to see poorer outcomes in children treated with 

penicillin and gentamicin is that clinicians’ treatment assignment is skewed 

such that patients who appear sicker (having a greater number of clinical signs 

of more severe illness) are assigned the ‘stronger’ or broad spectrum treatment. 

In this situation as mentioned by Stürmer (2010), specific types of treatment 

allocation may be more likely associated with increased mortality.  

The potential for skewed assignment of gentamicin and penicillin to sicker 

children can be examined by exploring the distribution of PS in the experimental 

populations. In Figures 4.2.1 – 4.2.3 the skewness of curves for the two 

treatment groups are in opposite directions – with that of penicillin plus 

gentamicin skewed towards higher propensity scores that are linked to presence 

of a greater number of positively identified clinical characteristics of pneumonia.  

In theory, the use of propensity scores is supposed to account for this skewed 

assignment by comparing only outcomes of those with similar propensity scores 

that are then assumed to suggest they have similar clinical profiles and thus 

similar risks (and the different matching methods achieve this in slightly 
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different ways). Trimming takes this approach one step further by excluding 

patients who are likely outliers (at PS distribution tails) and creates a sample 

with clinical characteristics that are more homogeneous.  

       

 

Figure 4.2.1: Distribution of propensity scores for penicillin montherapy and 

penicillin plus gentamicin treatment groups in experiment 1. 
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Figure 4.2.2: Distribution of propensity scores for penicillin montherapy and 

penicillin plus gentamicin treatment groups in experiment 2. 
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 Figure 4.2.3: Distribution of propensity scores for penicillin montherapy and 

penicillin plus gentamicin treatment groups in experiment 3. 
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I therefore conducted new analyses, for experiments 1 – 3, for patients using 

varying conditions to exclude elements of the population (trimming) outside 

overlapping regions. Specifically, I conduct analyses for populations within the 

following PS distribution overlapping limits: 0 – 100; 1 – 99; 2.5 – 97.5 and 5 – 

95, the latter being the most restrictive. Also I present the unrestricted22 

analysis – use of which is equivalent to the primary results presented in Chapter 

3. The narrower the overlapping regions, the more homogenous (in 

characteristics) the patients become (though the smaller the sample size).  

This procedure results in the exclusion of more mortality events in the penicillin 

plus gentamicin group compared with the penicillin monotherapy group across 

the trimming percentiles from the 0 – 100 to 5 – 95% (demonstrated using the 

MIW scenario and results presented in Table 4.2.1). This also results in a 

reduction in the apparent differences in penicillin versus penicillin plus 

gentamicin treatment groups suggesting less biased estimates (in experiments 1 

– 3 as demonstrated in Tables 4.2.2 – 4.2.4 below) and consequently possibly 

suggesting residual bias in the earlier analysis. However, it is important to note 

that the 95% credible intervals around treatment effect estimates in experiments 

1 and 2 continue to suggest no difference in clinical effectiveness. Here, I only 

present the 5 – 95% trimming results in Tables 4.2.2 – 4.2.4 as the form of 

sensitivity analysis most likely to reveal possible bias with other results on all 

the trimming percentile ranges presented in Appendices D.4 – D.8. 

 

 

                                                           
22 Unrestricted analysis covers up to areas outside overlapping regions 
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Table 4.2.1: Proportion of deaths in the trimmed datasets for experiments 1 – 3 in the MIW scenario 

  

Experiment 1 Experiment 2 Experiment 3 

Penicillin plus 

gentamicin Penicillin alone 

Penicillin plus 

gentamicin Penicillin alone 

Penicillin plus 

gentamicin Penicillin alone 

Unrestricted 33/1363 (2.42%)  26/2639 (0.99%) 87/2296 (3.79%)  50/4124 (1.21%)  264/4701 (5.62%) 82/5864 (1.40%) 

0 – 100  33/1362 (2.42%) 26/2635 (0.99%) 85/2292 (3.78%) 50/4120 (1.21%) 257/4695 (5.47%) 76/5861 (1.30%) 

1 – 99  30/1336 (2.25%) 26/2586 (1.01%) 80/2250 (3.41%) 48/4041 (1.19%) 242/4606 (5.25%) 71/5746 (1.24%) 

2.5 – 97.5 28/1294 (2.16%) 24/2507 (0.96%) 71/2181 (3.22%) 46/3917 (1.17%) 223/4465 (4.99%) 68/5571 (1.22%) 

5 – 95  26/1201 (2.16%)  24/2382 (1.01%) 62/2026 (3.06%) 46/3752 (1.22%) 202/4231 (4.77%) 65/5278 (1.23%) 

* The unrestricted analyses represent estimates presented in Chapter 3 and there are more mortality events excluded in 

penicillin plus gentamicin group compared to penicillin monotherapy as the restriction is increased to 5 – 95% for all the 

experimental scenarios. 

 

Table 4.2.2: Experiment 1: Treatment effect estimates under different approaches  

  Optimal full matching PS weighting  PS sub - classification 

  Unrestricted 5 – 95  Unrestricted 5 – 95  Unrestricted 5 – 95  

MIA 0.83 [0.50, 1.32] 0.70 [0.43, 1.14] 1.18 [0.61, 2.26] 1.06 [0.56, 1.99] 1.31 [0.70, 2.44] 1.24 [0.69, 2.23] 

MIAY 0.97 [0.58, 1.62] 0.72 [0.45, 1.16] 1.07 [0.58, 1.99] 0.96 [0.54, 1.71] 1.38 [0.73, 2.61] 1.33 [0.71, 2.49] 

MIW 1.28 [0.79, 2.07] 1.22 [0.98, 1.50] 1.46 [0.85, 2.44] 1.39 [0.90, 2.15] 1.46 [0.82, 2.61] 1.34 [0.77, 2.32] 

MIWY 1.05 [0.65, 1.71] 1.10 [0.71, 1.67] 1.23 [0.69, 2.20] 1.12 [0.65, 1.93] 1.31 [0.72, 2.38] 1.30 [0.75, 2.25] 

* The restriction result in reduced treatment effect estimates closer to the null for all the PS methods used. Results on all the 

restrictions are presented in the appendix. 
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Table 4.2.3: Experiment 2: Treatment effect estimates under different approaches  

  Optimal full matching PS weighting  PS sub - classification 

  Unrestricted 5 – 95  Unrestricted 5 – 95  Unrestricted 5 – 95  

MIA 1.12 [0.89, 1.43] 1.06 [0.92, 1.22] 1.02 [0.78, 1.38] 1.01 [0.86, 1.19] 1.49 [0.89, 2.05] 1.52 [0.91, 2.25] 

MIAY 1.11 [0.87, 1.36] 1.05 [0.90, 1.23] 0.99 [0.72, 1.27] 1.00 [0.79, 1.26] 1.36 [0.89, 2.08] 1.42 [0.98, 2.16] 

MIW 0.92 [0.69, 1.20] 0.82 [0.67, 1.00] 1.04 [0.76, 1.40] 1.05 [0.84, 1.31] 1.62 [0.99, 2.53] 1.46 [0.96, 2.22] 

MIWY 0.88 [0.66, 1.13] 0.85 [0.70, 1.03] 1.01 [0.70, 1.26] 1.00 [0.76, 1.31] 1.63 [0.98, 2.51] 1.49 [0.95, 2.39] 



144 
 
 

Table 4.2.4: Experiment 3: Pooled treatment effect estimates under different 

approaches 

  Unrestricted 5 – 95  

MIA 1.60 [1.25, 2.05] 1.49 [1.27, 1.75] 

MIAY 1.57 [1.20, 1.92] 1.46 [1.22, 1.74] 

MIW 1.51 [0.77, 1.92] 1.40 [0.75, 2.63] 

MIWY 1.63 [0.98, 2.51] 1.45 [0.94, 2.23] 

 

4.2.2. Exploring residual confounding through instrumental variable analysis 

An IV method aims to find a proxy randomised experiment in a routine or 

observational dataset (75). A valid IV should satisfy the following three 

conditions: (i) it should be  usable as a variable for randomly and effectively 

assigning patients into alternative groups (and this is to ensure that the IV is 

not influenced by any unobserved variables so it helps mimic the case of a 

randomised controlled trial); (ii) relevance – the choice of IV should be logical 

and have a direct or confirmed effect on treatment received and; (iii) it should 

not be directly associated with the outcome except through the treatment (75). 

According to Baiocchi (2014), assumption one may partly be verified by 

examining covariate distribution across the levels of an IV variable and 

assumption two could be examined using likelihood ratio tests. And according to 

Klungel (2015), the third assumption may not be directly verifiable (122) but 

could be theoretically justified – though I used mediation models to examine this 

association (123). 

4.2.2.1. Selection and use of IV in the CIN dataset 

A few IVs used in health studies have been described in Baiocchi (2014) (75). 

These include: distance to specialty health service, genes, insurance plan, timing 

of admission, calendar time and preference based IVs. Of relevance to this 
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analysis would be timing of admission IVs. Multiple studies including Berkley 

(2004), Bell (2001), Freemantle (2015), Meacock (2016) and Aldridge (2016) have 

demonstrated that patients who were admitted during the weekend experienced 

higher mortality compared to those admitted during the weekdays (124-128) – 

which may be an indication of poorer quality of care and treatment during the 

weekend.  In other words, it is anticipated that children admitted during the 

weekdays would have better health outcomes. This, in theory, implies that the 

type of treatment and care received depend on the day of admission – and which 

later determines the type of health outcome of the patient. Recent papers for 

United Kingdom (a high income setting) (129) dispute the weekend effect and 

indicate that all effects seen are because of improper matching. However, given 

the generally poor quality of care in LMIC and reasons to suggest outcomes are 

worse at weekend – timing of admission might still be a useful instrumental 

variable in lower and middle income countries. In order to assess whether a 

timing of admission variable forms a natural and random experiment the 

distributions of treatment and other covariates are examined across the levels of 

the instrumental variable (weekend/weekday) in experiments 1 and 2. The 

distribution of patient characteristics between weekend and weekday admissions 

is approximately similar for analysis populations (Table 4.2.5). This partially 

demonstrates its validity as an independent variable that would fairly assign 

patients into alternative treatment groups. Also all the absolute standardised 

mean differences (ASMD) of covariates are less than or equal to 0.1 which 

indicates that the imbalance in the analysis would be tolerable and not expected 

to grossly bias treatment effects (based on observed variables). A likelihood ratio 
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test demonstrated that there was a significant (p – value < 0.0001) association 

between treatment allocation and the admission timing instrumental variable in 

both experiments 1 and 2. Further, a mediation analysis showed a significant 

(experiment 1: p – value = 0.034, experiment 2: p – value < 0.0001) mediating 

effect of treatment between the outcome (mortality) and the timing to admission 

instrumental variable. 

Table 4.2.5: Imbalance of covariates between weekday and weekend admissions  
Variable Experiment 1  Experiment 2  

 Weekdays 

(n = 3195) 

Weekends 

(n = 988) 

ASMD Weekdays 

(n = 4946) 

Weekends 

(n = 1539) 

ASMD 

Child Sex       

Female 45% 46% 0.03 44% 45% 0.01 

Male 55% 54%  56% 55%  

Pallor       

Mild/moderate 4% 5% 0.02 5% 5% 0.00 

None 95% 94%  93% 93%  

Severe 1% 2%  2% 2%  

Capillary refill       

1 sec 68% 71% 0.07 66% 68% 0.04 

2 sec 30% 27%  31% 29%  

>2 sec 3% 2%  3% 3%  

Fever       

Absent 21% 18% 0.05 19% 16% 0.07 

Present 79% 82%  81% 84%  

Convulsions       

Absent 95% 96% 0.02 94% 94% 0.03 

Present 5% 4%  6% 6%  

Vomiting        

No 65% 62% 0.06 63% 63% 0.00 

Yes 35% 38%  37% 37%  

Referral       

No 82% 86% 0.10 81% 84% 0.09 

Yes 18% 14%  19% 16%  

Thrush       

Absent 98% 98% 0.00 98% 98% 0.03 

Present 2% 2%  2% 2%  

Comorbidities       

None 84% 83% 0.02 82% 80% 0.03 

Malaria 9% 10%  10% 13%  

Diarrhoea 3% 2%  3% 2%  

Malaria and diarrhoea 4% 5%  5% 5%  

Crackles       

Absent 47% 47% 0.01 48% 47% 0.02 

Present 53% 53%  52% 53%  

Wheeze       

Absent 85% 84% 0.02 85% 84% 0.02 

Present 15% 16%  15% 16%  

IV prescription       

No 97% 96% 0.05 95% 95% 0.01 
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Yes 3% 4%  5% 5%  

Quinine Prescription       

No 97% 97% 0.02 95% 94% 0.04 

Yes 3% 3%  5% 6%  

Artesunate Prescription       

No 92% 92% 0.01 92% 90% 0.05 

Yes 8% 8%  8% 10%  

       

Mean WAZ  0.00 -0.01 0.01 0.01 -0.03 0.03 

Mean age (months) 19.59 20.47 0.04 20.29 21.05 0.04 

Mean weight (Kg) 9.56 9.61 0.01 9.7 9.89 0.05 

Mean resp rate (breaths/min) 52.61 51.65 0.08 51.82 51.34 0.04 

Mean temp (degrees C) 37.73 37.79 0.06 37.78 37.85 0.06 

Mean cough duration (days) 3.40 3.20 0.07 3.45 3.35 0.04 

Mean length of illness (days) 3.70 3.46 0.08 3.73 3.56 0.05 

 

The suitability of admission timing (weekend/weekday) as an instrument is also 

demonstrated in Table 4.2.6 –  where the proportion of weekend deaths was 

higher than proportion of deaths on weekday admissions.   

Table 4.2.6: Summary of deaths by weekend/weekday admissions  
Experiment Weekend Weekday 

1 17/988 (1.7%) 45/3195 (1.4%) 

2 47/1539 (3.1%) 49/4946 (1.0%) 

 

The next sub – sections examines how to estimate average treatment effect 

(ATE) and average treatment effect for the treated (ATT) using instrumental 

variable analysis. 

4.2.2.1. Estimating average treatment effect (ATE)23 using an instrumental 

variable 

Let  denote an outcome variable (i = 1, …, n),  – a treatment variable,  – an 

instrumental variable,  an independent variable, and  – an error term 

associated with the outcome (n being the number of observations).  Essentially 

                                                           
23 There are two possible effects that could be estimated: (a) average treatment effect 

(ATE) which would be estimated as  

and; (b) average treatment effect for the treated (ATT) estimated as 

. 
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when using an IV, two models are specified separately: (i) a treatment model 

which includes the IV together with all other confounders as covariates,  

  (similar to PS model specification though a PS model may 

exclude IVs), (ii) an outcome model,  (which excludes 

the IV).  The traditional way of fitting IV models has been using two stage 

ordinary least squares (122). One limitation of this approach is that the 

regression model used in stage one may predict probabilities outside the 0 – 1 

range (122). Klungel (2015) discussed various methods to overcome this 

limitation. These methods include use of two stage logit models and a recursive 

bivariate probit model among others. This chapter considers the use of 

recursive24 bivariate probit (RBP) models for estimation of ATE – as they model 

probabilities (between 0 and 1) and takes into account the correlation of error 

terms between the treatment and outcome models. Using earlier notations, the 

RBP model is therefore written as: 

 

 

Where  are continuous latent variables – and in this case would 

represent the probability of receiving treatment and dying respectively;  is the 

error term associated with treatment. The error terms  have a bivariate 

normal distribution with zero means, unit variances and are independent and 

identically distributed (131), that is: 

                                                           
24 The recursive nature of this model allows for the estimation of treatment effects in the 

presence of unobserved variables (130). 
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– represents correlation between the two error terms.  is useful in examining 

the effects of unmeasured variables and as a proof of assumption one – such that 

if  or is close to zero then it may be an indication of no influence of 

unobserved variable(s) (131).  

 

In the next step, the treatment and outcome (mortality) probit models are fitted, 

with covariates in the treatment model being the same as those used in the 

corresponding propensity score models (see Table 3.1.1 of the protocol in Chapter 

3 for the list of variables used) – though with the addition of admission timing 

variable as an IV. On the other hand, the outcome model uses the same 

covariates as the treatment model with the exclusion of the admission timing 

variable both in experiments 1 and 2. Here, the parameter estimates are only 

presented for the treatment variable. Also the correlation coefficients between 

the error terms are presented alongside the treatment effect estimates.  

Interpreting individual coefficients (like for treatment here) is less 

straightforward in probit models compared to linear regression and logit models 

where estimates are individually interpretable (132). This is because change in 

probability due to a unit change in a predictor is jointly dependent on other 

predictor values and their starting values. However, there are limited ways 

through which probit model parameters may be interpreted individually: (i) 

without considering the magnitude, the direction of effect may be inferred based 

on whether the parameter estimate is either positive or negative; (ii) if both the 
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magnitude and direction are of interest (as is the case here), then a set of 

approximations may be conducted. Amemiya (1981) suggested multiplying the 

individual estimate from a probit model by 1.6 to obtain the result in terms of a 

log odds ratio (133). As the estimates obtained using PS methods were expressed 

in terms of risk ratio, the estimated odds ratios are further converted to risk 

ratios using the modified relationship documented in (134): 

 

Where RR – is the risk ratio; OR – odds ratio and;  – is the proportion of 

children who died in the penicillin monotherapy treatment group.  

After describing the standard methodology for estimating ATE with an 

instrumental variable, I now present ATE results in Table 4.2.7. The estimated 

treatment effects in experiments 1 and 2 indicate no difference in effects between 

penicillin and penicillin plus gentamicin. However, the effect sizes obtained are 

reversed (though not significant) and lower than the effects obtained using PS 

methods in Chapter 3. Also the obtained estimates for correlation between errors 

are moderately lower (< .30) possibly indicating less influence from unobserved 

variables. 

Table 4.2.7: Average treatment effect estimates 
Experiment Outcome data excluded in MI Outcome data included in MI 

 RR (C.I)  (p – value) RR (C.I)  (p – value) 
1 0.91 [0.41, 2.20] 0.13 (0.061)   1.02 [0.46, 2.15] 0.04 (0.092) 

2 0.44 [0.34, 1.32] 0.28 (0.057)  0.70 [0.25, 2.01] 0.21 (0.052)  

* The reference category in this analysis was penicillin monotherapy and 

therefore RR < 1 would favour penicillin plus gentamicin.  

* Even though the estimates for the correlation parameter ( ) in both 

experiments are not statistically significant, the magnitudes are greater than 

zero indicating there might be some influence due to unobserved variables. 
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4.2.2.2. Estimating average treatment effect for the treated (ATT) using an 

instrumental variable 

In order to estimate the ATT (that is, the average treatment effect for being 

treated with penicillin plus gentamicin), a two stage modelling approach is 

adopted. In stage 1, a treatment logit model is fitted (including the IV as a 

covariate). The probabilities for belonging to either gentamicin plus 

penicillin or penicillin alone are then obtained. In stage 2, an outcome model (log 

binomial regression) is specified with the treatment indicator probabilities 

obtained in stage 1 used as covariates. ATT results are presented in Table 4.2.8. 

Table 4.2.8: Average treatment effect estimates for the treated 

Experiment Outcome data excluded in MI: RR 

(C.I) 

Outcome data included in MI: RR (C.I) 

1 0.96 [0.37, 2.31] 0.98 [0.53, 2.22] 

2 0.49 [0.19, 1.29] 0.66 [0.25, 1.78] 

* The reference category in this analysis was penicillin monotherapy and 

therefore RR < 1 would favour penicillin plus gentamicin.  

 

The IV analyses for ATT, both in experiments 1 and 2, based on the 95% C.I also 

seem to indicate that there is no significant difference in treating indrawing 

pneumonia using either penicillin monotherapy or a combination of penicillin 

and gentamicin.  

In both experiments and in estimation of ATT and ATE, Wu-Hausman tests 

(135) were conducted to examine if IV models were fitting better than models 

fitted on PS weighted datasets and this showed no difference in all the cases. 

However, it is important to note that the models fitted on the PS adjusted 

datasets were considered primary as they clearly separated design and outcome 

analysis phases. 
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 4.2.2.3. Instrumental variable analyses within the five PS subclasses in 

experiment 3 

As opposed to experiments 1 and 2 that examined effectiveness of antibiotic 

treatments for children only with indrawing pneumonia, experiment 3 included 

all forms of pneumonia admissions (experiment 1 and 2 populations were a 

subset of experiment 3). Analysis in Chapter 3 therefore used PS subclasses to 

denote pneumonia severity. The use of subclasses stratified patients such that 

those who had lower propensity scores were considered less sick, while those who 

had higher propensity scores were considered sicker. As demonstrated in Table 

4.1.6 (highlighted results for the MIW scenario are those also presented in 

Chapter 3), the estimates in subclasses 1 – 3 and even the pooled effect estimate 

showed a protective effect of penicillin monotherapy indicating the likely 

presence of residual bias. Here, I examine the performance of combining PS sub-

classification with IV analyses within each subclass to help minimise residual 

bias. This I illustrate using the same MIW scenario which had been presented as 

the primary analysis. First, variables are multiply imputed (using 20 datasets). 

Then propensity scores are estimated, patients are classified into 5 PS 

subclasses, and IV analysis (using the method described above for estimating 

ATT) is conducted on each dataset. The results are then meta – analytically 

pooled across the sub – classes within each imputed dataset. Finally, treatment 

effect results are pooled across the imputed datasets using Rubin’s rules (59). 

The results for these IV analyses for experiment 3 in the MIW scenario are 

presented in Table 4.2.9. The treatment effects in subclasses 1 – 4 show no 

statistical significance in outcome after treatment with either gentamicin plus 



153 
 
 

penicillin or penicillin monotherapy. However, gentamicin plus penicillin seems 

to be more effective in treating children in subclass 5 (the sickest children) than 

penicillin alone. Overall, we see, as in Chapter 3, a transition from a tendency to 

better outcomes with penicillin monotherapy towards a benefit of treatment with 

penicillin plus gentamicin as we move from subclass 1 to 5 (from less severe to 

more severe pneumonia). The use of IV analysis within the PS subclasses 

therefore seems to have reduced bias in this case as the pooled estimate derived 

from IV analyses suggests no significant difference in outcomes in the two 

treatment groups. 

Table 4.2.9: Treatment effect estimates in experiment 3 (IV analysis combined 

with PS sub - classification)  
Subclass PS sub – classification 

alone 

PS sub – classification with IV 

analysis 

1 2.71 [1.56, 4.71] 2.11 [0.96, 4.62] 

2 2.58 [1.34, 4.95] 2.02 [0.84, 4.88] 

3 2.07 [1.19, 3.60] 0.82 [0.50, 1.34] 

4 1.52 [0.84, 2.75] 1.03 [0.63, 1.68] 

5 0.98 [0.60, 1.59] 0.87 [0.77, 0.98] 

Pooled 1.75 [1.36, 2.27] 1.05 [0.78, 1.39] 

* The highlighted estimates are derived from the models used in the primary 

analyses in Chapter 3 

 

4.2.3. Discussion 

In this chapter, I have explored the potential for bias/residual (with bias 

quantified using the formula defined in sub – section 4.1.1 above) confounding as 

an explanation for the treatment effect estimates reported in Chapter 3. I have 

done this through sensitivity analyses that: (a) varies the approach to using 

multiple imputation with PS methods; (b) restricts analysis to populations with 

more closely overlapping characteristics (PS trimming) and; (c) use instrumental 

variables. The findings are now discussed.  
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The three propensity score methods seem to perform slightly differently when 

estimated after multiple imputation conducted with inclusion and exclusion of 

outcome data in the chained equations. Optimal full matching and PS sub – 

classification seem to eliminate the largest amount of bias when used with the 

across method for estimating PS with outcome data excluded in multiple 

imputation – a result which is consistent (only for PS matching) with that of 

Mitra (2016) (81). PS weighting seems to perform better in reducing bias when 

estimated using the within method for PS estimation with outcome data included 

in the multiple imputation chained equations – a finding which is also consistent 

with the results of Leyrat (2017) (116).  

According to definitions by Rosenbaum and Rubin (1983) (47), PS should be a 

balancing score in the sense that it should satisfy the following three 

assumptions: 

 Positivity assumption: each patient should have a non – zero probability of 

being assigned into either or any of the treatments being compared. 

 Stable unit treatment value assumption (SUTVA): the potential outcomes 

for a patient are not influenced by treatment received by other patients. 

 Strongly ignorable treatment assignment (SITA): there are no 

unmeasured confounders that would influence final treatment effect 

estimates. 

Under the positivity assumption, according to Leyrat (2017), the derived PS 

should be a direct function of the pre – treatment variables. Any score which is 

not a direct function of the covariates may be considered less “finer” (116). And 

according to the definition of Rosenbaum and Rubin (1983), less “finer” scores 
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may be considered as non –  balancing scores (47). The across method of PS 

estimation averages propensity scores across datasets and thus is not a direct 

function of the observed variables. This would yield less ‘finer’ scores – making 

the averaged PS less of a balancing score (47). Further, Leyrat (2017) 

demonstrated that the across method of deriving PS was not a consistent 

estimator of the true PS (see Chapter 6 for formal proof). That is, averaging PSs 

across imputed datasets would not yield the true PS. This theoretically makes 

the within method of PS estimation a more desirable approach than the across 

method. Considering the within method as used in this analysis, the inclusion of 

outcome data in PS optimal full matching and weighting minimised bias better 

as compared to exclusion of outcome data. The performance in bias reduction 

was approximately equivalent in PS sub-classification when outcome data were 

excluded and included in imputation models (with PS also estimated using the 

within method). Based on this reason, inclusion of outcome data in multiple 

imputation with the within PS estimation (in PS optimal full matching, 

weighting and sub – classification) would potentially give results with both 

theoretically and practically desirable properties. 

The PS density plots (in experiments 1 – 3) demonstrated the potential existence 

of unobserved confounders in terms of treatment assignment in which those who 

had higher PS scores (linked to higher prevalence of ‘positive’ clinical findings) 

were more often assigned broader spectrum antibiotics. This group of patients 

also had a higher risk of dying. In PS trimming, elimination of more patients 

using defined percentiles excluded some of these higher risk patients and 

resulted in more homogeneous patient populations with treatment effect 
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estimates moving towards the null. If we assume that gentamicin plus penicillin 

would be at least equivalent to penicillin, these findings suggest possible 

residual bias. Further, instrumental variable analyses pointed to similar 

findings on treatment effects observed in experiments 1 and 2 (with amelioration 

of a tendency to suggest more favourable outcomes on penicillin alone) though 

with direction reversed as compared to results obtained in Chapter 3.  The use of 

PS sub – classification and instrumental variable may be considered doubly 

robust in minimising allocation bias. In experiment 3 in Chapter 3, using PS sub 

– classification alone suggested benefit of penicillin – which is counter intuitive 

based on the biology of treatments. However, when PS sub – classification is 

used together with instrumental variable analysis, this tendency toward 

favourable outcomes on penicillin is eliminated.  

Experiments 1 and 2 (Chapter 3) results showed no significant differences in 

treatment outcomes and the sensitivity analyses (which may further reduce bias) 

confirm this finding of no appreciable difference. However, in experiment 3 the 

sensitivity analyses, especially the use of PS sub – classification and 

instrumental variable analysis, appear to perform better at overcoming bias 

suggesting the results in Chapter 3 experiment 3 results should be interpreted 

with caution.  

The method used to quantify bias (defined in sub – section 4.1.1) relies only on 

observed variables, but this analysis did not try to quantify potential bias due to 

unobserved variables. Thus the estimated bias in this analysis quantify 

differences rather than actual bias. 
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Chapter 5 

Examining the effectiveness of Zinc treatment in children 

admitted with diarrhoea in Kenya’s public hospitals: An 

observational study 

 

I outlined the methodological basis and rationale for this work and examined the 

current evidence for effectiveness of Zinc treatment in detail in Chapter 1 (sub – 

section 1.1.4.2). In Chapter 3, I presented a detailed protocol that guided 

pneumonia analysis. I also developed a similar protocol to guide the analyses of 

Zinc effectiveness I now report. This detailed protocol is provided in Appendix 

E.1. I begin this chapter with a summary of the issue being tackled and the 

methods used then present the results and discussion. 

Chapter summary 

Introduction: Kenyan paediatric treatment protocols (adopted from WHO 

guidelines) recommend the use of Zinc supplement for all children with 

diarrhoea. However, there is limited evidence of benefit for young children aged 

1 – 5 months and those who are well-nourished. I examine effectiveness of Zinc 

supplementation for children admitted with diarrhoea to Kenya’s public 

hospitals with different nutritional and age categories. This is to determine 

whether there is support for the current policy where Zinc is prescribed for all 

children with diarrhoea. 
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Methods: This analysis used the CIN dataset to explore the effect of Zinc 

prescription on time to discharge for children aged 1 – 5 and 6 – 59 months and 

amongst those classified as either severely – moderately malnourished or well-

nourished. To overcome the challenges associated with non – random allocation 

of treatments and missing data in these observational data, I used propensity 

score (PS) methods and multiple imputation to minimize bias. A flexible 

competing risk regression model was used to examine possible benefits of Zinc; 

and to examine the possible influence of unobserved confounders, an 

instrumental variable analysis was performed.  

Findings: The analysis included 1 645 and 11 546 children aged 1 – 5 months 

and 6 – 59 months respectively. The estimated sub-distribution hazard ratios for 

being discharged25 were 1.25 [1.07, 1.46] and 1.17 [1.10, 1.24] in these respective 

age categories. The pooled effectiveness of Zinc in reducing time to discharge 

across the two age categories was 1.17 [1.11, 1.24]. This implies that a child 

receiving Zinc has on average a 17% higher chance of being discharged at any 

point in time than a child not receiving Zinc. The association with shorter time to 

discharge was seen in well-nourished (WAZ >-2SD) and under-nourished 

children (WAZ <= - 2 SD). 

Conclusion and relevance: Zinc is associated with shorter time to discharge. In 

the absence of significant adverse effects, data support the continued use of Zinc 

for admissions with diarrhoea including those aged 1 – 5 months and in those 

who are well-nourished, groups for whom evidence of the benefit of Zinc has to 

date been weak. 

                                                           
25 Time for discharge measured in days 
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5.1. Introduction 

Diarrhoea is a major cause of morbidity and mortality in lower and middle 

income countries (LMIC) with the primary treatment being rehydration 

regimens matched to the severity of the dehydration (7, 27). Co-treatment with 

Zinc supplements is also recommended (24, 27). This is based on results of 

randomised controlled trials and subsequent systematic reviews (25, 136-139) 

suggesting that Zinc supplements reduce diarrhoea duration for children aged 

six months and above. Kenyan guidelines in keeping with those of the World 

Health Organisation recommend treatment of diarrhoea with fluids and co-

treatment with oral Zinc for 14 days for all children irrespective of illness 

severity (27). 

Despite these recommendations, there remains some debate on the benefits of 

Zinc since:  

i. The prevalence of Zinc deficiency varies by setting (140) and this may 

contribute to between country variations in Zinc effectiveness reported in 

a systematic review by Patel (2012) (26). 

ii. Trials supporting the use of Zinc have included fewer participants from 

Africa than other low and middle income settings (25) and it is suggested 

that African children with diarrhoea have poor health outcomes (7). 

iii. There are few data supporting the benefits of Zinc in children younger 

than six months and few data on the effects of Zinc in children of all ages 

who are relatively well-nourished (25). 
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Conducting trials to address all these questions would likely be expensive and 

time-consuming. Appropriate analyses of observational datasets may help 

address such questions while also providing data on the effectiveness of Zinc 

treatment in non-trial populations.  

5.1.1. Objectives 

The primary focus of this analysis was to examine the effectiveness of Zinc 

supplementation in reducing time (in days) to discharge for children (aged 1 – 5 

and 6 – 59 months) admitted with diarrhoea in Kenyan hospitals.  Systematic 

reviews have included data on mostly trials conducted in hospital settings and 

did not find an effect on mortality but do suggest a valuable effect on duration of 

diarrhoea (25). As CIN patient population was hospitalised, I therefore focused 

on length of stay (to model time to getting discharged alive) likely to be 

influenced by duration of symptoms. In secondary analyses conducted within 

each age group, I aimed to examine the effectiveness of Zinc amongst those 

classified as either severely-moderately malnourished or well nourished. 

Further, as part of exploratory analyses, time to experiencing inpatient mortality 

(in those who received Zinc versus those who did not) was examined in the two 

age categories. 
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5.2. Methods26 

5.2.1. Data source  

This analysis uses the Kenyan Clinical Information Network (CIN) dataset that 

provides observational data on all admissions to 13 Kenyan County (plus one sub 

– county) hospitals (see Chapter 1 sub – section 1.2.2 on CIN introduction). 

5.2.2. Statistical analysis 

 5.2.2.1. Analysis populations 

All children included in the analysis had diarrhoea on admission. I excluded 

children who were aged < 1 month and >= 60 months (as current policy 

recommends Zinc treatment for children aged 1 – 59 months), had shock or who 

had impaired consciousness (AVPU score P or U). I primarily examined the effect 

on time to discharge of whether children were prescribed Zinc in two groups: all 

children aged 1 – 5 months (group 1) and all children aged 6 – 59 months (group 

2). Within each of these populations I examined the effects of Zinc in severely-

moderately malnourished and well-nourished children. To define nutritional 

status, I derived weight for age z scores27 using WHO reference population data 

(141). Children with z – scores < -2 were classified as severely-moderately 

malnourished, while those with z – scores >=-2 were considered well-nourished 

(141).  

                                                           
26 Also see step by step analysis methods in analysis protocol presented in appendix E.1. 

27 Weight for Height Z (WHZ) scores and Mid Upper Arm Circumference (MUAC) are 

preferred to define Severe Acute Malnutrition (SAM) but data often missing in CIN 

dataset so I used Weight Age Z score (WAZ). 
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5.2.2.2. Handling of missing data 

To maintain the effective sample size, imputation methods were used to account 

for missing data in the covariates used in the PS models – in which 10 datasets28 

(114) were derived using multiple imputation with chained equations (142). 

Outcome data were used for imputation in the chained equations. 

5.2.2.3. Handling non-random allocation of Zinc supplement 

As CIN comprises data from routine care settings Zinc treatment cannot be 

considered as allocated at random. In fact, not being prescribed Zinc is a result of 

failure to adhere to national guidelines which may not be random (see the 

discussion on treatment assignment approaches in Chapter 1 sub-section 1.2.5). 

Analyses must try and account for any potential bias in treatment allocation. To 

help create balance in population characteristics amongst those with and 

without Zinc prescription, I used propensity score (PS) methods. Propensity 

scores describe the probability of receiving Zinc based on measured 

characteristics of the population, in this case clinical signs, symptoms, co-

treatments and comorbidities (62). Outcomes in children with similar propensity 

scores (between those who received and those who did not receive Zinc) can then 

be compared as one means to overcome allocation bias. In these analyses, I 

compared the ability of two PS approaches to reduce possible bias – optimal full 

matching and weighting (37, 62). Both are aimed at creating groups of patients 

that are comparable in terms of the distribution of observed signs and symptoms 

                                                           
28 The current literature (114)  recommends the use of more than 5 imputed datasets 

and therefore 10 should be sufficient. Amount of missing data and multiple diagnostics 

have been reported in appendix. 
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(though they may result in somewhat different groups being compared). In order 

to select the optimum PS implementation method, standardised mean 

differences were used as diagnostic checks for covariate balance and overlap 

(107, 108) between Zinc and non-Zinc groups. Even though both the PS methods 

would retain all patients in the analysis, the method that resulted in the 

minimum average absolute standardised mean differences for the majority of the 

variables was considered the most appropriate (37). For each of the two PS 

implementation methods, PSs were estimated using the within method (defined 

in Chapter 2 sub – section 2.1.2) after multiple imputation. 

An additive interaction29 was used in modelling the use of Zinc by nourishment 

status (143). As such, I derived a variable with four levels representing those 

who: (i) received Zinc and were well-nourished; (ii) received Zinc and were 

malnourished; (iii) did not receive Zinc and were well-nourished and; (iv) did not 

receive Zinc and were malnourished. The reference group used in the analyses, 

was well-nourished children who received Zinc as they were expected to be most 

likely to be discharged sooner than the other three subgroups. To ensure the four 

subgroups had comparable patient characteristics, I followed the step by step 

approach suggested by Spreeuwenberg (2010) (144). This involved: (i) Fitting PS 

models using multinomial logistic regression with a probit link function to obtain 

four propensity scores per patient (which should add to one); (ii) Examining PS 

distribution overlap. This is important as a patient in a treatment subgroup 

should have some probability of being assigned/belonging to other subgroups. 

                                                           
29 An additive interaction is preferable when analysing treatment effectiveness as 

opposed to multiplicative interaction (143). This is to have an understanding of 

effectiveness in all the possible subgroups under consideration. 
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Biased estimates may be obtained in case of PS non-overlap; (iii) Examining 

covariate balance across the four subgroups. Covariables used in creating 

propensity scores in all the analyses included key signs and symptoms suggested 

for diagnosing and assessing severity of diarrhoea and dehydration in the 

Kenyan paediatric guidelines together with variables considered a priori to 

influence the clinical outcomes of interest such as fluid regimen prescribed and 

comorbidities. See Appendix E.2.1 for full description. 

5.2.2.4. Modelling of time to being discharged alive  

The primary outcome considered in the analyses was time to being discharged 

alive. Mortality was treated as a competing risk as it would preclude the chance 

of a patient being discharged alive. To allow for covariates with varying effects 

across discharge time points, I used a flexible modelling approach suggested by 

Scheike (2011) (145). Both Kolmogorov-Smirnov and Cramer von Mises test 

statistics (145) were used to determine whether covariates had varying or 

constant effects across time points prior to discharge. Patients who absconded, 

were referred to other hospitals and those who had length of stay greater than 15 

days (as Zinc should be administered for two weeks and should influence the 

outcome of acute diarrhoea) were censored (analyses without censoring were also 

attempted as part of the sensitivity analysis). For each of the analyses, 

propensity scores were estimated on each of the ten imputed datasets using 

multivariable logistic regression. Then multivariable Scheike’s flexible 

regression models were fitted to datasets with and without PS adjustment and 

while adjusting for all the variables also used in the PS models for primary 
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analyses. However, in analysis of Zinc effectiveness by nourishment status, only 

propensity scores together with the four level variable (derived as explained 

above) were used as covariates in Scheike’s model as advised in Spreeuwenberg 

(2010) (144). Only adjusted (subgroup) treatment effectiveness estimates were 

pooled across the ten imputed datasets to obtain a single estimate.   

As secondary (exploratory) analyses, time to experiencing inpatient mortality 

was also modelled on the same PS adjusted datasets (considering being 

discharged alive as a competing risk in Scheike’s regression model). This 

analysis was useful since previous systematic reviews had demonstrated no Zinc 

effect on mortality (25). 

5.2.2.5. Sensitivity analysis using an instrumental variable 

As the CIN data are limited to the recorded variables, I used an instrumental 

variable (weekday/ weekend admission – also discussed in Chapter 4) to examine 

the potential influence of any unmeasured variables in all the analysis (146). An 

instrumental variable method aims to find a natural experiment in a routine or 

observational dataset (75). As indicated in Chapter 4 sub – section 4.2.2, a valid 

IV should satisfy the following three conditions: (i) it should be  usable as a 

variable for randomly and effectively assigning patients into alternative groups 

(and this is to ensure that the IV is not influenced by any unobserved variables 

so it helps mimic the case of a randomised controlled trial); (ii) relevance – as the 

choice of IV should be logical and have a direct effect on treatment received and; 

(iii) it should not be directly associated with the outcome but only through the 

treatment (75). According to Baiocchi (2014), assumption one may partly be 
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verified by examining covariate distribution across the levels of an IV variable 

and assumption two could be examined using likelihood ratio tests. And 

according to Klungel (2015), the third assumption may not be directly verifiable 

(122) but could be theoretically justified (though I used mediation models (123) to 

test this association). 

To model using instrumental variables in a survival context, Tchetgen (2015) 

(147) suggested the use of a control function where modelling happens in two 

steps. Step 1 involves the estimation of residuals. The residuals are estimated 

from a model where treatment membership is modelled as a function of the IV 

and covariates influencing treatment assignment. Step 2 involves the use of 

these residuals as predictors in a second stage survival model – and in this case I 

used the Scheike’s flexible competing risk model.  

5.2.2.6. Sensitivity analysis on multiple imputation assumptions 

The multiple imputation conducted in the primary analysis assumes data were 

missing at random (see Chapter 2 sub – section 2.1.2 on definitions of missing 

data mechanisms). For sensitivity analysis, patients were grouped based on the 

number of missing variables to potentially denote a missingness not at random 

situation (53) – see Appendix E.1 for detailed description. In particular, also as 

formulated in Chapter 4, three patterns were used in which pattern 1 consisted 

of patients with missing data in 0 – 3 variables, pattern 2 consisted of patients 

with 4 variables with missing data, and pattern 3 consisted of patients with 

more than four variables with missing data. Thereafter, multiple imputation and 
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propensity score analyses were repeated for each of the patterns for groups 1 and 

2. Zinc effectiveness estimates were pooled across the three patterns. 

5.3. Results 

5.3.1. Inclusion and exclusion 

A total of 1 645 (aged 1 – 5 months) and 11 546 (aged 6 – 59 months) children 

were eligible for analysis in age groups 1 and 2 respectively. And calculations in 

Appendix E.1 Figure 2 demonstrated that the sample sizes were sufficient for 

time to discharge analyses in these two age groups to detect a sub-distribution 

hazard ratio of 1.2. About 72% (1 – 5 months) and 77% (6 – 59 months) were 

treated with Zinc supplements (Figure 5.0.1) – and this varied little over the 

time period studied. 

  

Figure 5.0.1: Eligibility 
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5.3.2. Comparing performance of PS optimal full matching and weighting in 

groups 1 (1 – 5 months) and 2(6 – 59 months) respectively 

For group 1, the performance of optimal full matching was comparable to that of 

weighting, while weighting performed better than optimal full matching in group 

2 (see Figures 5.0.2 and 5.0.3). Thus, in the subsequent sections, outcome 

analyses for groups 1 and 2 are based on PS weighted datasets for both age 

groups.                  

 

Figure 5.0.2: Comparing performance of the two PS implementation methods in 

group 1 (1 – 5 months). The y – axis contains all the variables used in the PS models. While 

x – axis shows absolute standardised mean difference (ASMD) which is a measure of covariate 

balance between Zinc and non-Zinc groups. An ASMD value of <= 0.1 indicates the method has 

performed well in creating comparable groups.  
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Figure 5.0.3: Comparing performance of the two PS implementation methods in 

group 2 (6 – 59 months) 

                         

5.3.3. Outcome analysis 

5.3.3.1. Exploring probability of being discharged alive in age groups 1 and 2 

Cumulative incidence functions were explored in the raw datasets (for groups 1 

and 2) to describe the probability of being discharged alive over time (Figure 

5.0.4). Approximately 60% of the children in both age groups were discharged by 

the fifth day of their stay in the hospital. In both age groups and without PS 
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adjustment children who received Zinc were discharged sooner than those who 

did not receive Zinc.  

                         

 

 

Figure 5.0.4: Probability of getting discharged alive (the cumulative incidence 

curves were estimated on datasets without PS adjustments) 

 

5.3.3.2. Modelling the probability of getting discharged alive 

The estimated sub-distribution hazard ratios (SHR) in multivariable PS 

weighted models (of being discharged alive in the Zinc group versus the non-Zinc 

group) were 1.25 [1.07, 1.46] and 1.17 [1.10, 1.24] in groups 1 and 2 respectively. 

In a pooled analysis (across the two age groups) with weighting based on 

precision of the estimates, the overall effectiveness of Zinc was 1.17 [1.11, 1.24]. 
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This can be interpreted as a child receiving Zinc having on average a 17% higher 

chance of being discharged at any point in time than a child not receiving Zinc 

(Figure 5.0.5). Multivariable models without PS weighting produced somewhat 

higher effect estimates (SHR 1.33 [1.16, 1.53] and 1.30 [1.23, 1.38] for age groups 

1 and 2 respectively) suggesting PS weighting may be adjusting for some 

potential confounding favouring Zinc treatment. Kolmogorov-Smirnov and 

Cramer Von Mises tests showed that Zinc had constant effects across all the time 

points prior to discharge (see Appendix E.2.3). 

Figure 5.0.5: Estimated sub-distribution hazard ratios in groups 1 and 2. An 

SHR value greater than 1 favours the use of Zinc. 
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5.3.3.3. Analysis without censoring those who stayed beyond 15 days 

 

I repeated the analysis of time to discharge without censoring those who stayed 

beyond 15 days and the estimated SHR were approximately equivalent to what 

was obtained in Figure 5.0.5 of the main results (Group 1: 1.38 [1.14, 1.67] and; 

Group 2: 1.24 [1.16, 1.34]). 

5.3.3.4. Zinc effectiveness for well-nourished and malnourished children  

Approximately a third of children in both age groups were severely – moderately 

malnourished (1 – 5 months: 28.6% and 6 – 59 months: 29.1%). PS plots indicated 

substantial overlap in the PS distributions of the four subgroups, that is, each 

child had some probability of belonging to any of the four subgroups (see Figures 

5.0.6 and 5.0.7 a – d).  
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Figure 5.0.6: Examining common support for children aged 1 – 5 months  
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Figure 5.0.7: Examining common support for children aged 6 – 59 months 

 

 

 

Also as demonstrated using likelihood ratio tests, the distribution of patient 

characteristics across the four subgroups were approximately similar after PS 

adjustments (see Appendices E.2.4 and E.2.5) – and this implies that 

interpreting the outcome results of one subgroup in comparison with another 

would be reasonable.  
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In analysis by nourishment status, PS adjusted Scheike’s flexible model 

estimates suggested that those who received Zinc and were well-nourished were 

more likely to be discharged sooner, followed by: those who did not receive Zinc 

and were well-nourished, then those who received Zinc but were malnourished 

and, lastly those who did not receive Zinc but were malnourished (Table 5.0.1, 

also see Appendix E.2.6 on cumulative incidences). Results interpreted in a 

similar way were found using PS unadjusted data (see Table 5.0.1 footnote for 

the actual results). 

Table 5.0.1: PS adjusted SHR  

 1 – 5 months 6 – 59 months 

Zinc-malnourished 0.82 [0.67, 1.01] 0.85 [0.79, 0.91] 

No Zinc-wellnourished 0.88 [0.74, 1.04] 0.90 [0.84, 0.98] 

No Zinc-malnourished 0.63 [0.49, 0.82] 0.64 [0.58, 0.70] 

Zinc-wellnourished (reference group) -  - 

*Using PS unadjusted data, the following effects were estimated: (i) 1 – 5 months (Zinc-

malnourished: 0.52 [0.44, 0.61], No Zinc-wellnourished: 0.74 [0.63, 0.87], No Zinc-malnourished: 0.41 [0.33, 

0.51]); (ii) 6 – 59 months (Zinc-malnourished: 0.57 [0.54, 0.60], No Zinc-wellnourished: 0.83 [0.77, 0.90], 

No Zinc-malnourished: 0.41 [0.38, 0.45]). 

 

5.3.3.5. Sensitivity analysis with weekday/weekend admission as an 

instrumental variable  

To assess whether weekend/weekday admission variable forms a natural and 

random experiment the distributions of covariates were examined across the 

levels of the instrumental variable (grouped as weekend/weekday) for children 

aged 1 – 5 and 6 – 59 months separately. The distribution for each of the patient 

characteristics was approximately similar with the majority of variables having 

absolute standardised mean differences of <= 0.1 between groups (see Appendix 

E.2.7). Likelihood ratio tests also showed that weekend/weekday admission 

variable was significantly associated with Zinc prescription in both age groups. 
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Further, mediation analysis demonstrated that time to discharge was 

significantly associated with weekend/weekday admission variable through the 

treatment (Zinc/No Zinc). The estimated SHRs (comparing Zinc versus no Zinc) 

using this IV for children aged 1 – 5 and 6 – 59 months were 1.24 [1.18, 1.30] and 

1.31 [1.27, 1.35] respectively. These results are interpreted in a similar way as 

those reported in Figure 5.0.5. Consistent results with the primary analysis were 

also obtained in IV analysis of Zinc effectiveness by nourishment status.  

5.3.3.6. Modelling inpatient mortality (exploratory analysis) 

Both Kolmogorov-Smirnov and Cramer Von Mises tests showed that the use of 

Zinc had varying effects on mortality (across the discharge time points) both for 

children aged 1 – 5 and 6 – 59 months (see Appendix E.2.8). Thus, time specific 

estimates (with corresponding 95% C.I) were modelled using Scheike’s regression 

and the results are presented in Figures 5.0.8 a and b, also see Appendix E.2.9). 

For children aged 1 – 5 months, Zinc seemed to have no effect on mortality for 

those who stayed in the hospital for about a week. However, beyond one week, 

those who received Zinc seemed to have significantly reduced risk of dying. 

While Zinc use was associated with reduced mortality for children aged 6 – 59 

months across all the discharge time points.  
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Figure 5.0.8 a and b: Estimated mortality time-varying SHR with corresponding 

95% C.I in groups 1 (1 – 5 months) and 2 (6 – 59 months): The continuous blue line 

shows the estimated SHR coefficients by discharge time point and the non-continuous 

blue lines show the 95% C.I. 
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5.3.3.7. Multiple imputation sensitivity analysis 

The sample sizes per pattern were as presented in Table 5.0.2. Pattern 1 in both 

groups had the largest sample size, followed by pattern 2 and lastly pattern 3. 

Table 5.0.2: Sample size per pattern 

Pattern  Group 1 Group 2 

1 758 5700 

2 346 2140 

3 541 3706 

Total 1645 11546 

 

PS weighting was conducted (to be consistent with the primary analysis) and 

this minimised covariate imbalance across the three patterns in group 2 and all 

the variables had ASMD < =10%. However, about a third and half of the 

variables in patterns 1 and 2 respectively in group 1 had ASMD > 10%, and six 

variables had ASMD > 10% in pattern 3 of group 1 (see Appendices E.2.10 and 

E.2.11). The estimated Scheike’s model Zinc treatment effectiveness were as 

presented in Figures 5.0.9 a and b. The pattern specific trends were in opposite 

directions although in group 2 the effect estimate was larger where there was 

most missingness. However, the pooled effects were consistent with those 

observed in Figure 5.0.5. This indicates that the earlier assumption of data 

missing at random was plausible. 
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(a) Group 1 (1 – 5 months)                                                                                                   

   
 

(b) Group 2  ( 6 – 59 months) 

    
 

Figure 5.0.9 a and b: The estimated SHR per pattern in groups 1 and 2. Interpretation is 

based on the pooled effects rather than pattern specific. 
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5.4. Discussion 

Zinc prescription was above 70% and this has changed little over time indicating 

good policy adoption. This is potentially due to wide dissemination of paediatric 

protocols that also provide guidance on diarrhoea and dehydration classification 

and prescription of fluids. 

The results indicate that Zinc may be beneficial in reducing time to discharge for 

children aged 1 – 59 months admitted with diarrhoea. An association with 

benefit is seen for both well-nourished and severely – moderately malnourished 

children. This analysis supports and strengthens the current treatment policy 

used in Kenya which was implemented on the basis of limited evidence 

supporting the use of Zinc in those aged less than 6 months and in well-

nourished children. Two previous trials conducted in Africa (Ethiopia (n = 177) 

and Nigeria (n = 60)) with children under 6 months (25, 137) showed no effect of 

Zinc in reducing diarrhoea duration. These analyses offer the advantage of larger 

sample size but have the limitation of being based on a non-randomised study. 

Previous studies (25) have reported no serious adverse effects associated with 

the use of Zinc apart from a risk of increased vomiting (within 10 minutes of 

administration). I was unable to examine differences in this possible adverse 

effect but if it occurs it does not seem to be increasing the length of stay for 

hospitalised children with diarrhoea. The analysis conducted without censoring 

children who stayed in the hospital beyond 15 days had consistent findings 

comparable to those in Figure 5.0.5. The findings therefore seem to contribute 

additional evidence on the likely value of Zinc in support of its routine use for 

hospitalised children with diarrhoea in Kenya.  
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5.4.1. Strengths and limitations 

The use of propensity scores and multiple imputation provided a means to 

analytically handle the challenges of non-random allocation and missing data by 

creating samples of patients that are comparable in terms of observed signs, 

symptoms, co-treatments and comorbidities. Analyses of these samples provided 

biologically plausible results showing the benefits of Zinc in reducing time to 

discharge to all children below five years. However, as analytic methods used in 

observational studies may not completely eliminate unobservable bias (148, 149) 

(that is bias due to unobserved factors that may influence time to discharge), I 

conducted sensitivity and exploratory analyses with the use of an instrumental 

variable and time to experiencing mortality respectively. The findings of 

instrumental variable analyses were consistent with those obtained with the PS 

methods. Also this analysis demonstrated that Zinc was associated with reduced 

mortality – and this was consistent with the findings of a community trial in 

Bangladesh, which showed reduced chances of mortality by 50% (150). It may be 

biologically less plausible that Zinc would result in any effect on very early 

mortality (day 1 or even day 2), but large effects are seen in this early phase. 

This may be an indication of residual bias reflecting decision not to give Zinc to 

children who are the most severely ill. These findings on mortality, are also in 

contrast with those of RCTs included in the systematic reviews (25, 151), which 

showed no effect of Zinc on mortality. 

It is also possible that shorter length of stay may not only be due to 

administration of Zinc treatment but also as a result of improved clinical 
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symptoms or based on clinician judgement of attaining clinical stability.  

5.5. Conclusion 

The findings that Zinc is associated with shorter length of stay is consistent with 

meta-analyses of RCTs but extends this observation to less studied populations. 

RCTs have, however, not shown an advantageous effect of Zinc on mortality in 

acute diarrhoea. The protective association of Zinc against mortality we see does 

raise the possibility that there is residual (unobservable) bias in my 

observational analyses possibly due to clinicians allocating this treatment to less 

sick children (which also raises the possible influence of residual bias on effects 

seen on time to being discharged). Despite this caveat, and as Zinc is well 

tolerated and cheap, these results support the continued use of routine Zinc 

supplementation in all children aged 1 – 59 months hospitalised with diarrhoea 

in Kenya and probably elsewhere in Africa. Also it is easier to have a single rule 

for one population than different rules for multiple sub – populations.  

 

 

 

 

 

 

 



183 
 
 

 

Chapter 6 

 Discussion 

 

In this thesis, I have examined the applicability of propensity score methods in 

observational datasets for comparative effectiveness evaluations. First, I 

conducted a systematic review to examine how these methods are applied in 

practice. Then the systematic review informed the methodology applied in the 

two clinical questions, first to examine alternative antibiotic regimens in 

treatment of indrawing (intermediate severity) pneumonia and secondly to 

explore the effectiveness of Zinc in children with diarrhoea admitted to hospitals 

in Kenya (these are discussed further in section 6.2). For the pneumonia 

analyses I focused on mortality as the main outcome while in the case of Zinc the 

primary outcome was length of stay (as a proxy for the severity and duration of 

the diarrhoea) with effects on mortality examined in exploratory analyses. I used 

the Clinical Information Network dataset to address both questions. I was part 

of the team that established the data collection and management strategies for 

the CIN, a database that was created as an example of those that may become 

available in Africa as health information systems improve, particularly if 

electronic medical records become more widely adopted.   

As well as addressing two important clinical questions, for which there is limited 

evidence supporting current policy, my thesis work makes a specific contribution 

in exploring the methodology of the use of propensity score (PS) methods. This 
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includes the strategy for estimating PS and the use of multiple imputation in the 

process (with outcome data included and excluded in chained equations). Here I 

discuss some of the implications of my thesis work and its findings in sub – 

sections 6.1 – 6.5 before considering some of the strengths and limitations of my 

work in sub – section 6.6. I discuss areas for further research in sub – section 6.7, 

recommendations in sub – section 6.8 and conclude in sub -section 6.9. 

6.1. Use of routine datasets 

Large routine databases like the Clinical Practice Research Data Link (CPRD) 

(152) and those linked to the Kaiser Permanente (KP) healthcare system (153) 

have been built in the UK and USA respectively. The emergence of such datasets 

has seen an increase in observational comparative effectiveness studies over 

time (45).  Comparative effectiveness of treatments using these datasets have 

focussed on cardiology (examples –  Suissa (2016), Gamble (2016), and Hennessy 

(2004)) (154-156), diabetology (examples –  McEwan (2014) and Nyeland (2013)) 

(157, 158), pain (examples – Allen (2016) and Allen (2015)) (159, 160) among 

other conditions. On the other hand, there are few examples of large, good 

quality routine clinical databases in Lower and Middle Income Countries 

(LMIC). One LMIC example is the Analysing Longitudinal Population-based 

HIV ⁄ AIDS data on Africa (ALPHA) network (161) – which was established in 

2005 and is ongoing in sites in Uganda, Kenya, Malawi, Zimbabwe, South Africa 

and Tanzania. The network aims to broaden HIV epidemiology evidence and 

strengthen HIV analytical capacity and cooperation between participating sites. 

To date it has accumulated data on more than 1.5 million HIV patients. There 
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are few such systems that capture data from LMIC paediatric hospital care. In 

one example, paediatric diagnosis and outcome data have been collected over six 

years in 16 provincial hospitals in Papua New Guinea (162) with a total of about 

100, 000 patient records. The emergence of electronic medical record systems 

(EMRs) holds great promise as a means to generate much larger routine clinical 

datasets in LMIC – but implementing them remains a major challenge 

(including in Kenya) as it has been in many countries and typically high levels of 

funding are required (163).    

In 2013, we established the Clinical Information Network (described in detail in 

Chapter 1 sub – section 1.2.2) as a model to retrospectively collect high quality 

data capturing the assessment, diagnoses and treatments of clinical teams 

providing routine care on paediatric wards in Kenya’s public hospitals and the 

outcomes of this hospital care. These hospitals typically have one paediatrician 

leading services predominantly provided by junior clinical teams. Data systems 

and standardised clinical forms were specifically implemented in all hospitals at 

the start of this work to optimise the quality of routine data. Patient data in 

these hospitals are collected post discharge by trained data clerks guided by well-

defined standard operating procedures, under supervision by the hospital 

medical records department and the research team. Clinicians admitting 

patients fill standardised Paediatric Admission Record forms (Appendix A.2) that 

have been shown to improve documentation of clinical symptoms and signs (164). 

Together with discharge forms, treatment sheets and laboratory reports these 

are all part of the patient files that are the primary data source. Feedback to 
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hospitals as part of the CIN activities has helped improve the quality of CIN’s 

clinical data (165, 166). The CIN platform therefore provided a unique 

opportunity to examine the potential value of routine paediatric datasets in 

comparative effectiveness evaluation from a LMIC.  

Comparative effectiveness research (CER) is a potentially useful strategy for a 

number of reasons: (i) there may be limited RCT data and / or debate over the 

ability to generalise findings from existing RCTs; (ii) RCTs are more often of the 

explanatory type with inclusion / exclusion criteria that limit generalisability – 

while CER could potentially assess effects across a large range of patients that 

present to typical facilities and; (iii) CER might therefore provide insight into 

effectiveness by providing data on the actual outcomes of care  after a guideline 

has been decided at policy level. 

While RCT design has become much more rigorous over the years, the same is 

not always true for observational designs. It is well known that drawing 

inference from non-RCT studies starts with higher risk of bias. This is despite 

the efforts to improve the reporting of observational studies through the use of 

checklists like STROBE (60). In fact, observational studies require more careful 

attention to their design and analysis as they are faced with challenges that 

might compromise their internal validity (38).  

To try to limit these challenges, it is important to replicate the strengths of good 

RCTs discussed in Chapter 1 sub – section 1.1.3 by paying especially careful 

attention to the design of an observational study.  Guiding principles to 

achieving this have been discussed in Chapter 1 sub – sections 1.1.6.1 – 1.1.6.5. 
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Most important when contrasting alternative treatments is overcoming the 

analytic challenges of non – random allocation of treatments and missing data as 

routine datasets are not designed for research. In my work I took advantage of 

failure of clinicians to adhere to recommended treatment guidelines (for Kenya), 

a process that may not be random. This could result in routine datasets that 

yield treatment groups (patients for whom there is / is not adherence to 

guidelines) that are not comparable in terms of clinical characteristics. The use 

of propensity scores has been proposed as a means to ‘balance’ patient groups to 

make them comparable in terms of important (in this case clinical) 

characteristics (167). Since routine datasets are limited to observed variables, it 

is important to conduct sensitivity analyses to examine if any results observed 

could be influenced by unobserved variables.  

This thesis used propensity score trimming – excluding patients from the tails of 

the PS distribution then re-estimating the treatment effects; and instrumental 

variable analysis in this regard. The use of such sensitivity analyses methods 

was rare (and where found they were not rigorously employed) in the articles 

reviewed in Chapter 2, though articles mostly acknowledged the possibility of 

their results being biased due to unobserved confounders (see a discussion in sub 

– section 2.2.3 of Chapter 2). The careful attention I paid to the design of the 

CER studies I report and linked sensitivity analyses are therefore unusual in 

recently published literature. I discuss the particular strengths and limitations 

of using these sensitivity analysis methods in more detail below (sub – section 

6.6). 
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6.2. Clinical questions addressed  

This thesis focused on two important clinical questions for contemporary 

pneumonia and diarrhoea case management, illnesses that remain two leading 

causes of morbidity and mortality in Kenyan children (5). First examining the 

comparative effectiveness of penicillin plus gentamicin versus penicillin alone in 

treating indrawing pneumonia. This question was important as Kenyan 

pneumonia treatment guidelines were changed in March 2016 –  with 

recommendations made that children with indrawing pneumonia are treated 

with amoxicillin in outpatient settings. However, children with indrawing 

pneumonia have continued to experience non – trivial mortality which has been 

a concern of Kenyan practitioners and those from other settings (19). Therefore, 

it was important to test the hypothesis that the use of a broader spectrum 

antibiotic regimen (penicillin plus gentamicin) might result in improved clinical 

outcomes for this group of patients. The comparative effectiveness of these two 

antibiotic regimens (narrow and broad spectrum) was examined in three patient 

populations referred to as experiments.  Experiment 1 constituted patients for 

whom pneumonia severity was imputed using the clinical signs recorded by the 

clinician at admission assigning a classification in accordance with the treatment 

guideline recommendations; experiment 2 constituted patients whose pneumonia 

severity was determined/assigned by the clinicians – including only those they 

classified as indrawing (intermediate severity) pneumonia (this experiment 

included 80% of the experiment 1 patient population as might be expected). 

Experiment 3 focused on all forms of pneumonia severity, including the most 

severely ill group who, according to national guidelines should only have been 
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prescribed the broad spectrum regimen. Stratification of analysis into three 

experiments was important as experiment 1 mimicked the population inclusion 

criteria of a typical prospective clinical trial; experiment 2 examined treatment 

effectiveness in situations where clinician intuition was likely to play a role in 

severity classification and treatment rather than strict adherence to the 

guidelines; and experiment 3 was necessary as no trial has examined 

effectiveness of narrow and broad spectrum therapies in all forms of pneumonia 

severity admitted to hospitals.   

The second clinical question focused on examining effectiveness of Zinc in 

children admitted with diarrhoea and specifically those aged 1 – 5 and 6 – 59 

months, and in those classified as either well-nourished or moderate-severely 

malnourished. These questions were derived from a recent systematic review by 

Lazzerrini (2016) (25) which included 33 trials (n = 10 841) in which only two 

were conducted in Africa (Ethiopia (n = 177) and Nigeria (n = 60) – and both 

examined Zinc efficacy in children less than six months of age. The review 

concluded there were inadequate data to support the use of Zinc in children aged 

1 – 5 months and in those who are well-nourished. Thus, this analysis was 

important to determine whether the use of Zinc in all children aged 1 – 59 

months is appropriate as these are the recommendations in the Kenyan 

paediatric treatment guidelines (and in the guidelines of many African countries) 

made on the basis of limited evidence in these specific sub-populations.  

The Zinc analysis also presented a case which considered the use of time to event 

in observational comparative effectiveness evaluation in which PS methods were 
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used to adjust for baseline differences. This outcome was based on the findings of 

the systematic review – that demonstrated an effect of Zinc to reduce diarrhoea 

duration but no effect on mortality. I believe these analyses may be the first to 

use a competing risks approach to test an intervention effect in the context of 

CER. Here the analysis examined the probability of being discharged alive from 

the hospital. However, in case of mortality, the possibility of this event would be 

precluded. Thus this methodology should have accounted for possible ‘survivor 

bias’ in that averting early mortality (a poor outcome) could result in longer 

average length of stay. 

I discuss the findings of these clinical questions in sub – section 6.5 but before 

this I consider some of the methodological issues I encountered.  

6.3. Methodological strategies used in published studies – addressing deficiencies 

In Chapter 2, I updated the existing reviews on the use of propensity scores in 

the last 7.5 years specifically focusing on observational comparative effectiveness 

research. Most importantly I examined how PS models are estimated in the 

presence of missing data in the most recent literature.  

The majority of observational comparative effectiveness studies used PS 

matching methods that reduced the effective sample size. The commonest 

method was 1:1 pair matching of treatment and (active) control groups. Even 

with correct reporting of the methodological aspects of PS 1:1 pair or 1:k 

matching, Gary (2016) (91) indicates that this method results in pruning of data 

which may increase imbalance across groups potentially resulting in increased 

bias in the analysis. As an improvement on commonly used methods I compared 
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three PS methods (on the imputed datasets) that do not reduce the effective 

sample size – optimal full matching, weighting and sub – classification. The PS 

methodological approaches I employed are much less commonly reported in 

published literature.  

This literature also rarely includes justification for variables selected for 

inclusion in the PS models, checking of common support before proceeding with 

the analysis and the conduct of sensitivity analysis methods to explore for 

unmeasured confounders. Thus my work addressed one of the key concerns 

expressed by Rubin (2008) (39) who argued that it is important to examine for 

common support to ensure that propensity score densities are sufficiently 

overlapping across treatment groups and that one should not proceed with 

analysis if densities do not overlap satisfactorily. Other PS methodological 

aspects used in this thesis (consistent with those reported in previous articles) 

included assessment of covariate balance between treatment groups and 

specification of the PS estimation method (logistic regression), treatment 

estimand (ATT for both clinical questions), and number of strata used for PS sub 

– classification (five strata). 

I found that missing data are ignored or poorly addressed when estimating 

propensity scores even in the most recent literature. In a majority of articles 

reviewed in chapter 2 complete case analyses were conducted – which may result 

in biased estimates if data are not missing completely at random (MCAR, that is 

the missingness is unrelated to the study/ interventions). It is possible that a 

majority of researchers do not understand or ignore the process that generated 
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the observational datasets they are using for analysis. Variables in routine 

datasets are likely to have different processes that generated them and by 

extension different missingness mechanisms and efforts should be made to 

understand these. 

I made an assumption of data missing at random (MAR not MCAR) and then 

proceeded to conduct multiple imputation and thereafter estimated PS on 

imputed datasets using the within method (discussed in chapter 2 sub – section 

2.1.2) for the pneumonia analysis in Chapter 3.  Completeness was used as one 

measure of the quality of data for different variables (also used for multiple 

imputation). The CIN dataset captured a majority of the key variables that were 

useful in the design phase of my experiments and in very rare cases proxies were 

used for variables that had poor documentation – for instance pulse oximetry 

values were missing for the majority of patients and hence a record of clinician 

ordering of oxygen was used as a proxy for clinically determined hypoxia. 

Multiple imputation was important at the design phase as particular key 

variables needed to be observed in order to generate patient populations that 

formed experiment 1 of my pneumonia analyses (otherwise the effective sample 

size would be reduced by approximately 40% with complete cases). To ensure 

that the most plausible values were imputed, auxiliary variables were added to 

the imputation models as predictors. Auxiliary variables were not part of 

guidelines but might (on the basis of clinical logic informed by discussions with 

clinicians) still influence treatment assignment – for instance the occurrence of a 

convulsion in children with pneumonia.  
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In the next sub – section, I provide an overview of how I attempted to optimise 

PS methods (optimal full matching, weighting and sub – classification) and 

implement these together with multiple imputation to answer clinical questions 

on pneumonia and diarrhoea treatment. 

6.4. Optimising the methodological approach 

In Chapter 3, differences in the covariable balance between treatment groups 

(for optimal full matching, weighting and sub – classification) were examined 

using the absolute standardised mean differences (ASMD) as the most 

recommended approach (167). This is in contrast to the more widely used 

approach in the literature of using statistical testing I report in Chapter 2. In 

experiment 1, PS weighting performed better than optimal full matching and sub 

– classification; in experiment 2, the performance of optimal full matching and 

weighting was comparable – with sub classification performing the poorest in 

bias reduction. Only sub – classification was used in experiment 3 as this 

experiment aimed to investigate comparative effectiveness in all cases of 

pneumonia in which the propensity scores were used as a proxy for disease 

severity. Thus patients with lower propensity scores were considered less ill 

while those with higher propensity scores were considered more ill. 

As analysis in chapter 3 was restricted to the observed variables with outcome 

data excluded from the imputation models, Chapter 4 examined various 

sensitivity analyses (only on the pneumonia data analysed in Chapter 3). This 

included use of imputation strategies including outcome data in the imputation 

models and application of this approach to the two methods (across and within) 
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for estimating PS after multiple imputation. Further, it examined if the results 

obtained in chapter 3 would be influenced by unobserved variables. This involved 

the use of instrumental variable analysis and PS trimming. In addition to these, 

time to experiencing inpatient mortality was also analysed to investigate the 

influence of unobserved confounders in the Zinc analysis. 

In Chapter 4, PS trimming created more homogeneous patient populations in 

which treatment effect differences seemed to move towards the null as 

increasingly stringent restrictions were placed on population eligibility in terms 

of PS. Effect estimates were consistent across those obtained using PS weighting 

(without PS trimming) and when using instrumental variable analysis. 

Instrumental variables have been used mostly in the field of economics but 

recently have gained popularity in the medical field – see for example (168-170) 

where these have been applied. Estimates similar to those derived using PS 

methods were also obtained using the instrumental variable analyses in the 

analysis of Zinc data.  

In Chapter 4, I also examined the possible influence of inclusion and exclusion of 

outcome data in the imputation models with PS estimated using the across and 

within approaches. There was some suggestion the two approaches performed 

differently in terms of creating comparable treatment populations with reduced 

bias for PS full matching, weighting and sub – classification. PS weighting 

eliminated the largest amount of bias when outcome was included in the 

imputation and PS were estimated using the within method. However, PS sub-

classification and full matching reduced the largest amount of bias when 
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implemented with the across method with outcome data excluded from the 

multiple imputation chained equations.  

Even though the across method of estimating PS after multiple imputation 

resulted in populations with minimised bias, Leyrat (2017) (116) has 

demonstrated that the across method yields PS estimates that are not 

statistically consistent. See the proof presented in Appendix F.1. Going by this 

proof by Leyrat (2017), then it means it is only the within method that should be 

considered a theoretically and practically valid PS estimation method. In chapter 

4, the inclusion of outcome data in the imputation models (with PS estimated 

using the within method) had the potential of eliminating some bias compared to 

when outcome data were excluded in the three PS implementation methods – full 

matching, weighting and sub - classification. Therefore, my findings suggest it 

would be recommended, as a standard approach, to include outcome data in the 

multiple imputation chained equations with PS estimated using the within 

method when using any of the PS implementation methods. Outcome data 

should then be hidden after performing multiple imputation before the 

investigator proceeds with the design phase of their experiment. In my work in 

this thesis, PS matching and weighting have been demonstrated to perform 

better than sub – classification – though PS weighting and matching have 

performed differently on different datasets. Thus it is important that PS 

weighting and matching must be tried and the method that produces the 

smallest ASMD (with respect to observed variables) would be most preferred.  
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Based on sensitivity analyses in Chapter 4, the second clinical question (on the 

use of Zinc for diarrhoea admissions) compared only PS optimal full matching 

and weighting (as they performed better than sub – classification). PS weighting 

performed better in terms of minimising covariate imbalance for both patient 

groups (1 – 5 and 6 – 59 months). The analyses here used multiple imputation 

including the outcome data with PS estimated using the within method. The 

work I have presented leads me to suggest a set of methodological principles I 

present in summary form in Box 6.4.1 for future work using observational 

datasets to conduct CER. 

Box 6.4.1: A summary of the methodological steps that are proposed when 

using observational datasets for CER 

 Create preliminary experimental design including sample size 

estimation. 

 Identify key and auxiliary variables. 

 Examine data missingness per variable. 

 Make an effort to understand the possible missingness mechanisms in 

the data. 

 Use imputation including outcomes but then blind the investigator to 

these outcomes. 

 Test the performance of PS full matching and weighting. In both, use 

the within method for estimating PS after multiple imputation. 

 Examine covariable balance using ASMD. 

 Examine viability of experimental analysis and if satisfactory then 

proceed. 

 Conduct multiple sensitivity analysis using methods including 

instrumental variables and trimming.  

 

6.5. Key clinical findings 

In Chapter 3 where I address the treatment of pneumonia, in analyses not 

employing propensity score methods, effect estimates (particularly for 

experiments 1 and 2) suggested clinical superiority of penicillin over the use of 

penicillin and gentamicin. And as indicated in Chapters 1 and 3, the biological 
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plausibility of this finding is questionable. The use of ASMD demonstrated that 

almost half of the variables in pneumonia experiments 1 – 3 were associated 

with ASMD > 10% when comparing the alternative treatment groups in the PS 

unadjusted analysis. Examining patient distribution in the PS unadjusted 

datasets (Appendix F.2), patients in the penicillin plus gentamicin group seemed 

to have more positive clinical signs compared to those who received penicillin 

monotherapy. This points to the possible bias that could influence findings if the 

datasets were to be analysed without PS adjustments. With the use of PS 

methods, all the variables had ASMD < 10%. This then resulted in treatment 

effect estimates indicating no statistical difference between the use of penicillin 

monotherapy and penicillin plus gentamicin in treatment of indrawing 

pneumonia in experiments 1 and 2. This demonstrated that the use of PS 

methods had minimised imbalance on observed variables thus reducing the effect 

of allocation bias in the analysis. This in general indicates that PS may be useful 

in minimising imbalance in other comparative effectiveness studies rather than 

using regression methods alone without PS adjustments. 

Clinically, and by extension, my results suggest that there would likely be no 

advantage in the use of penicillin plus gentamicin over amoxicillin as 

equivalence had been demonstrated between amoxicillin and penicillin in 

treatment of children admitted with indrawing pneumonia in Kenyan hospitals 

(31). The findings of this analysis therefore indicate that the continued use of 

(injection) penicillin or high dose oral amoxicillin will likely give similar 

treatment outcomes as treatment using gentamicin and penicillin (both 
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injections) for this specific group of patients. This is perhaps in contrast to 

clinicians’ expectations that using a broader spectrum antibiotic regimen in this 

population with non-trivial risk of death could reduce mortality (the basis of 

doing these analyses). A corollary of these findings may be that in those children 

who die either that the cause of death is not attributable to a treatable bacterial 

infection or, if a treatable bacterial infection is present, that a different class of 

antibiotic entirely is required. 

The higher mortality in the group of patients with indrawing pneumonia that I 

studied than is reported in clinical trials conducted on this population (0.8%) is 

consistent with a study by Agweyu (2017) (171). This study compared pneumonia 

patient outcomes between trial and non – trial participants in the same settings 

and demonstrated that mortality in non – trial settings was somewhat higher 

than in trial settings (but not significantly so). As there are continued concerns 

of mortality in pneumonia patient groups characterised by indrawing in non – 

trial settings (110, 171), it may therefore be necessary to investigate the 

effectiveness of other broader spectrum antibiotics such as third generation 

cephalosporins and azithromycin to help in reducing mortality. Or potentially 

the aetiology of pneumonia in this group of patients may be non – bacterial. This 

explanation may be supported by the Pneumonia Etiology Research for Child 

Health (PERCH) study conducted in multiple sites (including Baltimore, Mali, 

Kenya, Gambia, Zambia, Bangladesh and Thailand) with preliminary findings in 

Kenya showing that more than half of the patients studied had viral pneumonia 

(172). The PERCH study was initiated to help examine the causes of pneumonia 
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in order to improve on the diagnosis and treatment. This was motivated by the 

fact that pneumonia could potentially have multiple causes including bacteria, 

viruses and fungi. And as diagnosis and treatment of pneumonia in LMIC is 

based on the WHO guidelines – in which only signs are used (without thorough 

diagnostic work up) in diagnosis and classification - it seems likely that the 

causative organisms and mechanisms may be very heterogeneous in children. 

Thus, in a case where the cause is non – bacterial, reliance on treatment with 

antibiotics may not improve health outcomes and instead other interventions 

may be needed. These may include oxygen systems, continuous positive airway 

pressure (CPAP) (173), or better diagnosis of respiratory distress which may be 

caused by other illnesses but be confused with pneumonia (174, 175). 

6.6. Strengths and limitations 

Conducting comparative effectiveness analyses using observational datasets can 

offer the advantage of larger sample sizes at lower cost than randomised 

controlled clinical trials (39). The CIN data used for analyses in this thesis had a 

larger sample size, with data derived from multiple sites, compared to many of 

the individually randomised studies that have examined treatments for 

pneumonia and diarrhoea.  The smallest experiment (Experiment 1) in 

pneumonia analysis in this thesis had at least twice the sample size of the 

largest RCT used for examining efficacy of antibiotics in treatment of indrawing 

pneumonia (see sub – section 1.1.4 of Chapter 1 for a summary of these studies – 

mostly conducted in single sites). Also the Zinc effectiveness analysis had a 

sample size 75 times that of the largest Zinc trial that had been conducted in 
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Africa. Observational datasets also include patients that may not qualify for 

enrolment in a typical explanatory randomised controlled trial – and therefore 

perhaps provide more true to life estimates of treatment effects similar to those 

observed in highly pragmatic trials (176). However, as most observational 

datasets are not meant for research, they have the key analytic challenge of non 

– random allocation of treatments. In my work despite extensive efforts to use 

rigorous methods to overcome this challenge, suggestions that bias persisted 

remained. First, the sensitivity analysis conducted in the antibiotic treatment of 

pneumonia gave the impression of bias elimination but in all analyses the 

direction of effect tended to favour the penicillin group over the penicillin plus 

gentamicin group, perhaps best illustrated by the drift towards the null with the 

use of increasingly stringent PS trimming. Second, the use of instrumental 

variable analysis provided consistent results (as also observed in the analysis of 

alternative antibiotic treatment) as those derived using the propensity score 

methods in examining effectiveness of Zinc treatment – which resulted in an 

impression of no influence of unobserved confounders. The analysis of time to 

experiencing inpatient mortality, however, suggested persistent hidden bias in 

treatment allocation in which the Zinc treatment was potentially assigned to 

children who were less likely to die.  This indicates that finding the most valid 

instrument to completely eliminate unobservable bias may be a challenge in 

analyses using routine datasets. 

In as much as propensity score methods may try to eliminate covariate 

distribution imbalance between treatment groups, it may be difficult to eliminate 
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the influence due to unobserved confounders. For instance, observational 

datasets do not capture the aspect of gut feeling in the process of diagnosis and 

treatment. Gut feeling has been shown to play a significant role in diagnosis and 

treatment assignment processes (55, 57). For example, as also discussed in 

Chapter 1 sub – section 1.2.5.2, an observational study by Van den Bruel (2010) 

demonstrated that gut feeling (which also presumably represented a summary of 

formally recorded clinical signs) had greater diagnostic value than 

signs/symptoms alone in determining the risk of serious infection (55). This was 

also the case in a study by Zachariasse (2017) (177) in which clinical impression 

by nurses in the initial assessment (in addition to other clinical signs) was a good 

predictor of admission. The use of small panels of clinical features that make up 

guidelines (which do not allow the use of gut feeling) cannot comprehensively 

define a patient’s condition. And thus allocation to different treatments could be 

influenced by many explicitly and implicitly observed factors, with the potential 

result of continued susceptibility to bias when comparing groups allocated 

alternative treatments as part of routine care (even if patients have equivalent 

PS values based on observed variables).  

There is also the more practical challenge of what clinicians are likely or willing 

to document especially the junior clinicians. In an effort to capture as much 

detail as possible, junior clinicians in the CIN are encouraged to use aides like 

the paediatric admission record forms (PAR – see appendix A.2), which has 

previously resulted in improved documentation as demonstrated in Gachau 

(2017) and Tuti (2017) (166, 178), to capture as much data as possible. However, 
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we may not be quite certain about the accuracy of documentation by the 

clinicians as there would likely be inter-observer differences in assessment of 

clinical signs which might result in misclassifications – which may bias results 

in one direction if systematic or may simply increase noise in the system if 

random. Another challenge in using observational data (that also applies to 

highly pragmatic trials) is that it is difficult to be certain what treatments are 

actually given over the course of an admission. In the data I used the focus was 

only on admission clinical features and outcomes, although data are available on 

treatment changes (as illustrated in Chapter 3 Figure 3.2.1).  

6.7. Further research 

There are continued concerns of high mortality in children with indrawing 

pneumonia (171) with analyses in this thesis supporting this observation and 

pointing to the lack of advantage of using broader spectrum antibiotics in a 

population that current WHO recommendations indicate can be treated as 

outpatients. What may therefore be useful is to develop simple prognostic 

model(s) that will help in determining those children who are at higher risk who 

should be admitted to hospital amongst the group of pneumonia children not 

meeting current (post-2013) criteria for a diagnosis of severe pneumonia.  This 

may mean revising guidelines that can still provide an important mechanism to 

classify illness severity for use by the junior clinicians or non-specialist health 

workers who provide the majority of care in LMIC. A study by Tuti (2017) (178) 

provides an example of some possible additional characteristics that could be 

examined to inform admission decisions for this group of patients. However, an 
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important further step would ideally be to test any revisions to guideline 

recommendations prospectively to establish both feasibility and benefit. The 

PERCH studies while useful in identifying common pathogens have not really 

helped advance the approaches to treatment to reduce mortality – other than 

indicating that vaccines especially against Respiratory Syncytial Virus (RSV) 

may be of benefit. So it would be valuable to: (i) do detailed case reviews of all 

events to examine if there were modifiable factors in the whole care process that 

if addressed might have averted mortality or; (ii) examine the effectiveness of 

other interventions such as better supportive care, better monitoring for 

deterioration, and potentially broader spectrum treatments among others. Lastly 

perhaps it might be useful do post-mortem studies in children with non-severe 

pneumonia who die to try and establish whether there was an alternative cause 

of death. 

The safety of Zinc has been demonstrated in prior trials and may be effective for 

treatment of children with diarrhoea admissions in Kenya based on analyses 

presented in this thesis. However, the possible residual bias results in 

uncertainty about the true effectiveness. And although the analysis attempted to 

avoid the need for a RCT, such trials are probably needed as the best source of 

evidence providing high certainty of effect estimates. 

6.8. Recommendations 

It is important to note that observational data may still be used in situations 

where randomisation may be infeasible or unethical. For example, it may be 

unethical to expose patients to treatments practically known to be inferior (179). 
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The analysis of such data may be through the use of PS methods –  as these PS 

methods seemed to better reduce imbalance between groups than the use of 

regression alone without PS adjustments (which resulted in more biased 

estimates) in the two questions tackled. In general cases, observational datasets 

are obviously still useful as a means to determine effectiveness and thus as a 

means to establish the consequences of a policy rather than perhaps being the 

primary source to determine policy. For example, in this thesis the high 

mortality observed for children with indrawing pneumonia argues for the 

reassessment of a policy based on efficacy trials. Without such findings assessing 

outcomes in routine settings policies may not be questioned.  

In cases where randomisation is permissible, pragmatic randomised trials would 

probably be the best means to examine treatment effectiveness. The Pragmatic 

Explanatory Continuum Indicator Summary 2 (PRECIS-2) tool (180) explains 

nine characteristics of a robust pragmatic trial. See Box 6.8.2 for a summary of 

these characteristics. 
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Box 6.8.2: Summary characteristics of a pragmatic trial (PRECIS – 2) 

 

 Eligibility— The patients eligible should be similar to those who would 

receive treatment in the actual care settings.  

 Recruitment— patient recruitment should require no extra effort as 

what would be used in usual care to attend to patients. 

 Setting—The setting should be as similar as possible to those where 

usual care happens. For instance, multiple clinics to enroll patients with 

diverse characteristics.  

 Organisation—The resources and expertise needed to deliver treatments 

should be close to what is used in actual practice. 

 Flexibility (delivery)— The delivery of treatments should be as flexible 

as would be delivered in routine care. 

 Flexibility (adherence)—The monitoring of patients and adherence to 

treatments should be similar to that in usual care. 

 Follow-up—The intensity of outcome measurement and follow up should 

be close to that practised in routine care. 

 Primary outcome— The outcome should be relevant to the patients. 

 Primary analysis— All the necessary data should be available for the 

outcome analysis. 

 

These randomised trials should be cheaply conducted with a large number of 

patients recruited and ideally employing outcomes that are easily measurable. 

One variety of pragmatic trial is the registry trial (181). In this approach 

randomised trials may be embedded in existing prospective patient registries – 

and such platforms may save on costs and time especially if they can be reused 

for many trials. The key concern in such trials is the quality of data obtained 

from the registry platforms. The Clinical Trials Transformation Initiative (CTTI) 

(182) consulted experts on how best clinical trials would be executed on registry 

platforms – and one of the key areas of guidance they developed was to help 

determine whether data generated from the registries were relevant, robust and 

reliable. Further guidance on data quality and how to conduct these trials has 

also been provided in the PRECIS – 2 tool (180). These trials should possess all 

https://www.ctti-clinicaltrials.org/projects/registry-trials


206 
 
 

the ethics characteristics of the explanatory trials – in which consent should be 

sought from the participants and research ethics review boards, though this is 

debated as it is a major source of costs (180) and some suggest that waivers may 

be granted if there is a true equipoise since these trials typically test existing 

treatments already in routine use. An example of a trial that was executed using 

a registry platform is the TASTE trial by Fröbert (2013) (183) which examined 

the effect of thrombus aspiration in patients with ST-Segment Elevation 

Myocardial Infarction. This trial enrolled a total of 7244 patients from the 

Swedish Coronary Angiography and Angioplasty Registry with the primary 

outcome being all-cause mortality at 30 days. As previous RCT meta - analyses 

in this field showed conflicting findings, treatment policy frameworks may be 

informed by this large pragmatic trial. Another example that was attempted in 

the CIN is the trial by Ayieko (2018, submitted) which examined if clinicians 

adhered to the new clinical guidelines of treating patient with pneumonia 

(severity classification based on the new pneumonia guidelines). These trials 

may be extended in the future in CIN. 

6.9. Conclusion 

The analysis in this thesis demonstrated that treatment effectiveness evaluation 

using routine data risks bias potentially due to unobserved confounders. And 

analyses of such datasets using propensity scores may only be useful when 

randomised controlled trials are not feasible. The use of PS has a greater 

potential of minimising imbalances as compared to the use of regression methods 

alone. However, it is probably better to pursue pragmatic trials (where 
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randomisation is feasible) than rely on routine datasets for comparative 

effectiveness evaluations. 
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9. Appendices  

Appendix A – Chapter 1 

Appendix A.1: Summary of pneumonia antibiotic treatments 
Study Country sites Severity30 Study arms Number  

enrolled 

Outcome  Effect size 

Asghar (2008)  Zambia, Yemen, Pakistan, Mexico, 

India, Ecuador, and Bangladesh 

Very severe ampicillin vs chloramphenicol  958 Mortality 1.65 [0.99, 2.77] 

Duke (2002) Papua New Guinea Very severe benzyl penicillin plus gentamicin vs chloramphenicol 1116 Mortality 1.25 [0.76, 2.07] 

Bansal (2006)  India Very severe crystalline penicillin plus gentamicin (followed by 

amoxicillin) vs IV and oral amoxicillin-clavulanate 

71 Treatment 

failure 

0.86 [0.05, 14.39] 

Ribeiro (2011)  Brazil Very severe IV oxacillin vs co-amoxyclavulanic 104  0.98 [0.33, 2.92] 

Cetinkaya (2004)  Turkey Severe IV penicillin plus chloramphenicol vs IV ceftriaxone 97  1.36 [0.47, 3.93] 

Straus (1998)  Pakistan Severe co-trimoxazole vs amoxicillin 595   

Addo-Yobo (2004)  Colombia, Ghana, India, Mexico, 

Pakistan, South Africa, Vietnam, 

and Zambia  

Severe oral amoxicillin versus injectable penicillin 1702 Treatment 

failure 

0.97 [0.77, 1.22] 

Hazir (2008) Pakistan Severe ampicillin (followed by oral amoxicillin) vs amoxicillin  2037 Treatment 

failure 

0.86 [0.63, 1.19] 

Atkinson (2007) England Severe oral amoxicillin versus benzyl penicillin 246 Treatment 

failure 

1.15 [0.58, 2.30] 

Campbell (1988) Gambia Severe procaine penicillin plus (benzyl penicillin) followed by 

ampicillin vs co-trimoxazole 

143 Treatment 

failure 

0.98 [0.12, 1.97] 

Peltola (2001) Gambia Severe procaine penicillin or cefuroxime (4 days) vs procaine 

penicillin or cefuroxime (7days) 

154  _ 

Shann (1985) Papua New Guinea Severe chloramphenicol vs chloramphenicol plus penicillin 748 Treatment 

failure 

0.49 [0.48, 1.09] 

Mulholland (1995) Gambia (very) severe  trimethoprim-sulfamethoxazole vs chloramphenicol 144 Treatment 

failure 

1.03 [0.45, 2.33] 

Nogeova (1997) Slovakia (very) severe Ceftibuten vs cefuroxime  140 Treatment 

failure 

6.81 [1.46, 31.70] 

Klein (1995) South Africa LRTI  Cefpodoxime vs co-amoxyclavulanate 348 Cure rate 0.69 [0.18, 2.60] 

CATCHUP (2002) Pakistan Non – 

severe  

Amoxicillin vs co-trimoxazole 1471 Treatment 

failure 

0.85 [0.68, 1.07] 

Awasthi (2008) India Non – 

severe  

Amoxicillin vs co-trimoxazole 2009 Treatment 

failure 

1.45 [1.13, 1.85] 

Bradley (2007) Argentina,Brazil, Chile, Costa 

Rica, Mexico, Panama, and United 

Non – 

severe 

Levofloxacin vs Amoxicillin and clavulanic acid   709 Cure rate 1.05 [0.46, 2.42] 

                                                           
30 Severity classification is based on the 2005 WHO guidelines: http://apps.who.int/iris/bitstream/10665/43206/1/9241546700.pdf 

http://apps.who.int/iris/bitstream/10665/43206/1/9241546700.pdf


226 
 
 

States  

Harris (1998) USA Non – 

severe 

Azithromycin vs. Augmentin  456 Treatment 

failure 

1.78 [0.20, 16.27] 

Wubbel (1999) USA Non – 

severe  

Azithromycin vs. Augmentin  174 Treatment 

failure 

1.26 [0.08, 20.86] 

Keeley (1990) Zimbabwe Non – 

severe  

Cotrimoxazole vs IM Procaine penicillin  617 Treatment 

failure 

1.72 [0.41, 7.27] 

Deivanayagam 

(1996) 

Madras Non – 

severe  

Ampicillin vs penicillin and Chloramphenicol  115 Cure rate 0.48 [0.15, 1.51] 

Camargos (1997) Brazil Non – 

severe 

Benzathine penicillin vs procaine penicillin 176 Cure rate 0.60 [0.19, 1.86] 

Rasmussen (2005) Pakistan Non – 

severe 

4 mg/kg trimethoprim plus 20 mg/kg sulfamethoxazole 

vs 8 mg/kg trimethoprim plus 40 mg/kg 

sulfamethoxazole 

1143 Treatment 

failure 

1.10 [0.87, 1.37] 

Fonseca (2003) Brazil Non - severe Amoxicillin (15 mg/kg) vs Amoxicillin (25 mg/kg) 66 Treatment 

concentration 

_ 

Dashner (1981)  Non - severe Amoxicillin 50 mg/kg/day BID vs Amoxicillin 50 

mg/kg/day TID  

34  _ 

Cook (1996) UK Non - severe Amoxicillin/ clavulanate BID vs Amoxicillin / clavulanate 

TID  

437 Cure rate 

(difference) 

0.032 [-0.043, 0.11] 

Kartasasmita 

(2007) 

Indonesia and Bangladesh  Non - severe Cotrimoxazole (5 days) vs Cotrimoxazole (3 days) 2000 Cure rate 

(difference) 

0.03 [-0.05, 0.18] 

Lupisan (2002) Philippines  Non - severe Cotrimoxazole (5 days) vs Cotrimoxazole (3 days) 445   

MASCOT (2002) Pakistan Non - severe Amoxicillin (5 days) vs Amoxicillin (3 days) 2000 Treatment 

failure 

(difference) 

0.007 [-0.018, 0.032] 

ISCAP (2004) India Non - severe Amoxicillin (5 days) vs Amoxicillin (3 days) 2188 Treatment 

failure 

(difference) 

0.004 [-0.021, 0.03] 

Ficnar (1997) Croatia Non - severe Azithromycin (5 days) vs Azithromycin (3 days) 371 Cure rate 0.004 [-0.013, 0.056 

Tsarouhas (1998) USA Non - severe Amoxicillin vs penicillin 154 Treatment 

failure 

0.75 [0.17, 3.25] 

Sidal (1994) Turkey Non - severe Co – trimoxazole vs penicillin 151 Cure rate 0.57 [0.16, 2.01] 

Jibril (1989) Nigeria Non - severe Amoxicillin vs co-Amoxyclavulanic acid 238 Cure rate 0.20 [0.08, 0.53] 

Hazir (2010) Pakistan Non - severe Amoxicillin vs placebo 900 Treatment 

failure 

0.77 [0.56, 1.04] 

Block (1995) USA Non - severe Clarithromycin (15 mg/kg) vs Clarithromycin (40 mg/kg) 234 Cure rate 1.61 [0.84, 3.08] 

Aurangzeb (2003) Pakistan Non - severe Amoxicillin vs Cefuroxime vs. Clarithromycin  171 Cure rate 2.05 [0.18, 23.51] 

Roord (1996) Netherlands Non - severe Azithromycin (5 days) vs Azithromycin (3 days) 89 Cure rate 1.07 [0.43, 2.66] 

Kogan (2003) Chile Non - severe Azithromycin (3 days) vs Amoxicillin (7 days) 110 Cure rate 17.14 [0.90, 325.93] 

Ferwerda (2001) Netherlands Non - severe Azithromycin (3 days) vs Co amox-clav (10 days) 110  _ 
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Appendix A.2: Paediatric Admission Record Form 

 

Name  IP No.  Ward  

Residence  

Sub-location 
 DOB 

    dd/mm/yyyy 

Adm Date dd/mm/yyyy Sex M□ / F□ Age yrs Mths days 

Referred to 

hospital? 
Y□  N□  

if yes from 
facility (name):   

 
Re-admission to this 

hospital? 
Y□   N □ 

Presenting 

Complaints 
 

History & Examination 

Time 

seen 

 
Vaccines 

OPV/  

Penta X 

Pneum  

X 

RotaV  

X 
BCG  Y□ N□ Measles  Y□  N□ 

am □ pm □ 

Weight Kg Height / Length Cm WHZ= MUAC mm 

 

Length of illness Days History of presenting complaint 

 

 

 

 

 

 

 

 

Review of Systems: 

Respiratory including ENT 

 

 

 

Fever – No. of days = Y□ N□ 

Cough– No. of days = Y□ N□ 

...if cough yes: Cough > 2 wks Y□ N□ 

Difficulty breathing Y□ N□ 

Diarrhoea No. of days = Y□ N□ 

...if diarrhoea yes: Diarrhoea > 

14d 
Y□ N□ 

Diarrhoea bloody Y□ N□ 

Vomiting, No / 24hrs =  Y□ N□ 

Vomits everything Y□ N□ 

Difficulty feeding Y□ N□ 

Convulsions: No. = Y□ N□ 

Paediatric Admission Record – Paediatric Ward 
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Partial / focal  fits? Y□ N□ 

 

Cardiovascular 

 

 

 

 

 

Gastro-intestinal / Genitourinary 

 

 

 

 

Birth History / Development / Neurological system 

 

Nutritional history (record immunisations above) 

 

Treatment History 

 

 

 

Past Medical & Social History: HIV status: Father_________ Mother_________ Children__________ 

Examination 

Vital 

Signs 

Temp 

(0C)  

Resp 

Rate Bpm 
HR 

/min 

O2 

Sat % 
BP 

      /           mmHg 

General Examination 

Thrush Y□   N□       Lymph N > 1cm  Y□   N□ 

Wrist / Rib signs Rickets  Y□   N□      

 

Jaundice 0 + +++ 

Oedema  □None   □Foot   □Knee   □Face 

Visible severe wasting Y□ N□ 

A Stridor Y□ N□ 
If newborn: 
Umbilicus 

Normal □    Pus  □ Pus & red skin  □ 

Rt Lt 
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R L Front 

Back 

B 

 

Central Cyanosis Y□ N□  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Murmurs 

 

 

 

 

 

 

Bones & Joints 

Indrawing Y□ N□ 

Grunting Y□ N□ 

Acidotic breathing Y□ N□ 

Wheeze Y□ N□ 

Crackles Y□ N□ 

C & 

Dehy

dr’n 

Peripher

al Pulse 
□ Normal □ Weak 

Cap 

Refill 
Secs 

X = not 
possible 

Pallor / 

Anaemia 
0 + +++ 

Skin 

warm 

at: 

□Hand  □Elbow  □Shoulder 

Sunken eyes Y□ N□ 

Skin pinch (sec) 0 1 ≥ 2 

D AVPU A V P U 

Can drink / breastfeed? Y□ N□ 

Stiff neck Y□ N□ 

Bulging fontanelle Y□ N□ 

Infan
t < 
2m 

Irritable Y□ N□ 

Reduced movement / 

tone 
Y□ N□ 
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ENT exam 

Rt Ear 

 

Lt Ear 

 

Nose 

 

Throat 

 

Peripheral Nervous System / Central Nervous System – Head Circumf = 

 

Summary of presentation & problems & required investigations – record other tests and all results in medical 

record 

Malaria  □ Blood slide    □ Rapid Test  Glucose □ Stick test    □ Laboratory  

Haematology □ Hb   □ HCT   □ Full haemogram  Chemistry □Na + K  □U&C    □Ca  □Alb   □ LFT  

Microbiology □ Lumbar Punct     □ Blood Cult  HIV □ Rapid test     □ PCR  

X-Ray □ CXR   □Wrist  Other = Urine □ Urinalysis      □ Micro & culture 

Other 1  Other 2  

Admission Diagnoses – Select ONE primary diagnosis (tick box indicating “1”) and ANY secondary diagnoses 
(tick box indicating “2”), then indicate level of severity or type of disease if required 

Malaria 1□ 2□ □ Severe      □ Non-severe  Anaemia 
1

□ 

2

□ 
□ Sev  □Non-sev 

Pneumonia 1□ 2□ □ Very Sev   □ Severe    □  Non-sev  Asthma 
1

□ 

2

□ 
□VSev  □Sev  □NonSev 

Diarrhoea 1□ 2□ □ Non-bloody  □ Bloody (dysentery) Meningitis 1□ 2□ 

Dehydration 1□ 2□ □ Shock      □ Severe       □  Some               Rickets 1□ 2□ 

HIV 1□ 2□ □Pos □PMTCT+ve □Neg  □Refused           Neonatal sepsis 1□ 2□ 

Malnutrition 1□ 2□ □ Severe (only record severe here)    Prematurity / LBW 1□ 2□ 

Other 1 1□ 2□  

Other 2 1□ 2□  

Treatment Supportive care & Observations – indicate what care is needed and sign please 

Rt Lt 
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Keep warm □ Oxygen □ Clinician Name & Sig 

iv  / oral fluids plan □ Blood transfusion □ 

 
Vitamin A       □ Nutrition / Feeds plan □ 

Review status 
□ Medical <6hrs  □ Priority Nursing 

Observations 

 

Appendix B – Chapter 2  
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Appendix C – Chapter 3  

Appendix C.1: Percentage of completeness of analysis variables 

Variable Experiment 1 (%) Experiment 2 (%) Experiment 3 (%) 

Age (2 – 59 months) 99.7 99.5 99.3 

Indrawing (present/absent) 100.0 96.3 95.8 

Level of consciousness – 

AVPU  

_ 95.5 92.3 

Central cyanosis _ 95.9 95.1 

Grunting _ 94.2 93.8 

Ability to drink _ 91.2 91.5 

Gender (male/female) 99.6 99.0 98.7 

Cough duration (days) 84.9 83.4 83.2 

Crackles (present/absent) 97.4 94.7 92.6 

Weight (Kg) 96.3 96.0 94.8 

Pallor (0, +, +++) 96.7 94.5 93.9 

Capillary refill  83.3 78.0 78.2 

Fever (present/absent) 98.2 97.6 96.5 

Temperature 94.1 92.6 91.4 

Convulsions 

(present/absent) 

96.3 94.3 93.7 

Vomiting (yes/no) 97.1 95.2 94.3 

Referral (yes/no) 83.3 73.6 73.4 

Length of illness (days) 98.4 98.0 97.3 

Thrush (present/absent) 90.4 83.9 78.2 

Quinine/artesunate 

(prescribed/not prescribed) 

100.0 100.0 100.0 

Wheeze (present/absent) 97.1 94.5 90.6 

Respiratory rate 87.4 85.4 83.5 

IV fluid prescription 100.0 100.0 100.0 

Outcome (died/alive) 99.5 99.2 98.8 

 

Correctness of penicillin and gentamicin dosing 

It was also examined if the patients received correct dosages of penicillin and 

gentamicin: For penicillin, a dose of 40,000 – 60,000 I.U/Kg was considered 

normal and for gentamicin, a dose of 6 – 9 mg/Kg. These were +/- 20% of 

recommended dosages in the Kenyan paediatric protocols. Majority of the 

patients were prescribed normal dosages of penicillin and gentamicin (see 

Appendix C.2). 
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Appendix C.2: Correctness of penicillin and gentamicin prescription 
 Experiment 1 Experiment 2 Experiment 3 

 Penicillin Gentamicin Penicillin Gentamicin Penicillin Gentamicin 

Under 

dose 
3% 10% 3% 12% 4% 12% 

Normal 93% 87% 92% 85% 91% 84% 

Over dose 4% 3% 5% 3% 5% 4% 

 

Appendix C.3: Bayesian model convergence diagnostics 

In the Bayesian framework, how well the posterior distributions were explored 

were examined using trace (history) and density plots of sampled values – and 

convergence to the target distribution assessed using Geweke plots and potential 

scale reduction factors (PSRF). Geweke plots subdivide the chain of sampled 

values into bins – and by default 10 bins are selected, and standardises the 

difference between sampled values in the first bin and those in the tenth bin. If 

the standardised difference falls outside -2 and +2 this would be an indication of 

non-convergence of the chain (184). On the other hand, since these analyses used 

3 chains to sample values for a given parameter, PSRF was used to investigate 

the ratio of variance of within chain sampled values to the variance of between 

chain sampled values. If this ratio is greater than 1 then this would be an 

indication of non – convergence (185).  

The Bayesian models in experiments 1 – 3 used 5000 iterations with burn-in of 

1000. Even though multivariable regression models were used, here I present the 

diagnostics related to the estimated treatment effect parameters for illustrative 

purposes of convergence. From the plots presented below, convergence for all the 

models was satisfactory. The monitored coefficients were in terms of log RR. 
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i) Experiment 1 

Regression without PS adjustments 
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Regression with PS weighted data 
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ii) Experiment 2 

Regression without PS adjustments 
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Regression with PS weighted data 
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iii) Experiment 3 

Subclass 1 

 

Subclass 2 
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Subclass 3 
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Appendix D – Chapter 4 

Appendix D.1: Percent in bias reduction per variable – experiment 1 

Variables 
PS weighting PS optimal full matching  PS sub – classification  

MIA MIAY MIW MIWY MIA MIAY MIW MIWY MIA MIAY MIW MIWY 

Child sex 74.2 86.4 72.2 84.5 77.5 75.5 -385.4 -152.5 39.1 13.2 60.6 -15.7 

Age (months) -12.1 -16.4 -15.0 -5.8 69.6 69.1 -53.2 -69.1 64.1 3.4 -46.4 -51.5 

Weight (Kg) 17.0 22.6 15.3 31.0 47.6 56.0 -15.8 -28.3 61.4 73.5 -23.6 -17.8 

Pallor 31.8 67.2 44.4 63.8 39.5 42.8 -6.4 13.5 3.2 34.2 -68.6 -26.0 

Respiratory rate 90.3 81.7 94.2 88.1 77.9 84.1 68.2 82.2 75.7 71.6 53.0 62.1 

Difficulty in 

breathing 90.6 84.2 92.8 87.7 75.3 72.8 -113.1 -106.6 84.7 83.7 85.2 84.1 

Capillary refill 74.9 76.2 85.2 88.0 97.7 97.1 37.4 45.7 88.9 92.2 73.3 70.7 

Fever -477.9 -228.7 -512.8 -116.3 -134.2 48.0 -1569.4 -801.1 -369.8 -41.7 -925.9 -440.5 

Convulsions 78.1 84.6 54.2 -2.0 -467.5 -346.2 -15.0 24.3 -420.1 -476.9 -134.6 -204.5 

Vomiting -74.4 -231.6 -352.0 -657.2 -419.7 -903.0 -1289.1 -2455.1 -354.4 -587.6 -269.3 -539.0 

Cough duration 

(days) 76.6 80.2 65.4 76.4 -12.5 22.9 -80.8 -130.2 -66.1 -59.5 7.0 -3.6 

WAZ score 49.4 49.0 50.9 51.3 98.9 98.6 87.2 85.4 97.8 98.0 87.3 87.7 

Co - morbidities 65.3 61.1 65.9 66.2 30.3 27.2 82.9 92.9 79.8 76.8 18.0 -19.8 

Crackles 68.1 75.2 71.6 72.3 47.3 61.1 -53.5 -63.8 67.3 67.6 -38.6 -5.0 

Hospital referral 74.4 62.6 87.9 85.5 74.8 40.8 -12.5 -33.9 54.0 48.5 26.6 51.1 

Length of illness 80.4 78.3 -47.5 53.3 -357.0 -21.0 -393.1 -186.2 -525.7 -74.1 -139.5 -39.2 

Thrush 4.4 22.8 -14.2 19.3 61.7 74.6 -44.0 -8.5 -1.4 26.3 -90.8 -106.6 

Wheeze 86.1 59.2 69.5 69.1 39.6 -6.8 -28.2 -87.5 -17.4 -52.0 52.9 10.7 

*Positive values indicate reduced bias while negative shows increased bias. 
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Appendix D.2: Percent in bias reduction per variable – experiment 2 

Variables 
PS weighting PS optimal full matching  PS sub – classification  

MIA MIAY MIW MIWY MIA MIAY MIW MIWY MIA MIAY MIW MIWY 

Child sex 47.9 48.2 55.2 47.9 98.1 86.0 -189.1 -209.9 67.2 52.6 -44.2 -40.9 

Age (months) -12.6 -12.8 -7.6 5.3 91.7 85.8 -16.2 -39.1 76.7 70.0 -16.7 -22.3 

Weight (Kg) 6.3 8.6 8.6 18.3 81.2 64.7 25.1 -8.0 78.1 65.9 -9.7 -10.4 

Pallor 73.3 79.1 72.3 83.9 92.1 72.6 66.0 44.7 78.0 76.0 54.7 68.7 

Respiratory rate 79.4 74.6 76.7 63.3 106.8 91.8 34.4 28.9 43.1 45.5 42.4 32.7 

Difficulty in 

breathing 95.6 93.7 92.3 90.7 79.9 72.2 31.1 8.4 81.8 86.0 81.0 84.9 

Capillary refill 90.1 88.7 83.4 84.9 93.9 98.0 47.6 54.8 91.3 90.6 65.6 64.9 

Fever 26.5 25.0 36.9 31.4 76.6 98.5 -58.5 -55.7 36.8 36.1 -39.5 -56.0 

Convulsions 9.7 41.3 28.9 87.6 -519.7 -1194.1 -514.5 -307.5 -288.3 -135.1 -356.0 -692.2 

Vomiting -2210.8 -1802.7 -2094.9 -1791.9 -3228.4 -1304.0 -4299.7 -4712.7 -1729.1 -822.2 -5304.4 -3742.1 

Cough duration 

(days) -39.9 -41.9 -33.4 -24.0 31.6 26.1 -2698.9 -2533.1 82.3 72.5 -130.0 -101.5 

WAZ score 47.1 46.0 49.7 49.5 98.1 99.7 94.0 90.9 107.8 98.0 94.1 93.3 

Co - morbidities 81.6 81.5 82.4 82.5 29.7 45.6 89.7 81.2 86.2 86.8 38.3 23.1 

Crackles 89.6 88.7 81.6 83.0 63.7 70.1 19.6 48.6 74.5 76.9 59.9 68.9 

Hospital referral 77.5 79.9 91.9 90.0 89.9 99.8 57.2 31.1 71.1 76.3 76.3 70.0 

Length of illness 

(days) 15.5 7.7 11.0 22.4 15.2 1.9 -1864.2 -1788.8 49.8 62.3 -58.5 -30.8 

Thrush -637.4 -112.1 -1472.3 74.1 -1003.9 44.4 -1870.2 -42.6 -1168.6 21.8 -2889.3 -634.3 

Wheeze 53.9 67.9 57.6 83.2 -15.3 -61.3 -1302.8 -1117.8 -53.2 -15.3 -7.7 -41.8 

Indrawing 23.0 38.5 6.7 11.5 9.3 54.5 -376.8 -229.0 -12.4 -0.2 -32.2 -35.0 

Oxygen order 95.3 94.6 91.2 93.9 90.7 92.0 -12.1 -2.0 81.4 80.4 61.9 57.6 

Ability to drink 66.6 72.9 81.5 69.7 7.9 -4.1 15.7 -65.4 16.6 12.6 39.1 -18.1 

Central cyanosis 34.1 43.0 32.6 43.9 124.2 84.2 -2109.6 -1773.2 79.3 69.9 -35.4 -58.8 

Grunting 96.7 97.1 91.2 91.6 100.0 99.3 44.2 55.2 98.3 95.6 58.6 64.5 
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Appendix D.3: Percent in bias reduction per variable – experiment 3 

Variables 
PS sub-classification 

MIA MIAY MIW MIWY 

Child sex -141.6 -97.1 -142.9 -158.1 

Age (months) 77.9 78.0 73.9 67.2 

Weight (Kg) 71.7 70.0 64.4 68.4 

Pallor 56.7 67.2 25.8 56.3 

Respiratory rate 80.0 79.8 85.7 86.8 

Difficulty in 

breathing 94.8 94.4 92.5 87.5 

Capillary refill 82.9 83.7 75.1 80.0 

Fever 49.9 58.2 72.1 35.3 

Convulsions 39.5 25.6 32.3 11.1 

Vomiting 56.0 61.4 32.6 26.1 

Cough duration 

(days) -95.2 -114.1 -275.3 -147.5 

WAZ score 97.3 97.0 95.4 95.2 

Co – morbidities -58.8 -55.5 6.1 34.7 

Crackles 90.5 90.9 88.7 89.0 

Hospital referral 80.1 76.1 78.2 76.8 

Length of illness 

(days) -59.8 -129.3 -206.9 -164.8 

Thrush -295.9 -771.0 -438.4 -735.0 

Wheeze 39.6 39.1 55.4 37.8 

Indrawing 73.9 74.6 76.0 72.6 

Oxygen order 91.3 90.5 83.8 81.1 

Ability to drink 82.5 86.3 85.7 86.9 

Central cyanosis 85.3 84.9 46.6 57.7 

Grunting 97.5 97.7 89.2 84.6 
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Appendix D.4: Experiment 1: Treatment effect estimates under different approaches (within PS estimation) 
 Optimal full matching PS weighting PS sub-classification 

 MIW MIWY MIW MIWY MIW MIWY 

Unrestricted 1.28 [0.79, 2.07] 1.05 [0.65, 1.71] 1.46 [0.85, 2.44] 1.23 [0.69, 2.20] 1.46 [0.82, 2.61] 1.31 [0.72, 2.38] 

0 – 100  1.28 [0.79, 2.07] 1.05 [0.65, 1.71] 1.46 [0.85, 2.44] 1.23 [0.69, 2.20] 1.46 [0.82, 2.61] 1.31 [0.72, 2.38] 

1 – 99  1.26 [0.92, 1.72] 1.17 [0.79, 1.76] 1.43 [0.90, 2.27] 1.17 [0.66, 2.06] 1.40 [0.79, 2.47] 1.28 [0.72, 2.29] 

2.5 – 97.5 1.25 [1.00, 1.54] 1.13 [0.73, 1.72] 1.38 [0.88, 2.16] 1.12 [0.64, 1.97] 1.35 [0.77, 2.37] 1.23 [0.70, 2.15] 

5 – 95  1.22 [0.98, 1.50] 1.10 [0.71, 1.67] 1.39 [0.90, 2.15] 1.12 [0.65, 1.93] 1.34 [0.77, 2.32] 1.30 [0.75, 2.25] 

 

Appendix D.5: Experiment 1: Treatment effect estimates under different approaches (across PS estimation) 
 Optimal full matching PS weighting PS sub-classification 

 MIA MIAY MIA MIAY MIA MIAY 

Unrestricted 0.83 [0.50, 1.32] 0.97 [0.58, 1.62] 1.18 [0.61, 2.26] 1.07 [0.58, 1.99] 1.31 [0.70, 2.44] 1.38 [0.73, 2.61] 

0 – 100  0.83 [0.50, 1.32] 0.97 [0.58, 1.62] 1.18 [0.61, 2.26] 1.07 [0.58, 1.99] 1.31 [0.70, 2.44] 1.38 [0.73, 2.61] 

1 – 99  0.79 [0.48, 1.29] 0.88 [0.53, 1.45] 1.15 [0.60, 2.20] 0.98 [0.54, 1.78] 1.20 [0.65, 2.23] 1.28 [0.68, 2.41] 

2.5 – 97.5 0.75 [0.46, 1.23] 0.79 [0.48, 1.30] 1.08 [0.57, 2.05] 0.96 [0.53, 1.73] 1.22 [0.67, 2.21] 1.30 [0.69, 2.44] 

5 – 95  0.70 [0.43, 1.14] 0.72 [0.45, 1.16] 1.06 [0.56, 1.99] 0.96 [0.54, 1.71] 1.24 [0.69, 2.23] 1.33 [0.71, 2.49] 

 

Appendix D.6: Experiment 2: Treatment effect estimates under different approaches (within PS estimation) 
 Optimal full matching PS weighting PS sub-classification 

 MIW MIWY MIW MIWY MIW MIWY 

Unrestricted 0.92 [0.69, 1.20] 0.88 [0.66, 1.13] 1.04 [0.76, 1.40] 1.01 [0.70, 1.26] 1.62 [0.99, 2.53] 1.63 [0.98, 2.51] 

0 – 100  0.92 [0.69, 1.20] 0.88 [0.66, 1.13] 1.04 [0.76, 1.40] 1.01 [0.70, 1.26] 1.62 [0.99, 2.53] 1.63 [0.98, 2.51] 

1 – 99  0.91 [0.71, 1.17] 0.86 [0.67, 1.11] 1.04 [0.78, 1.38] 1.00 [0.72, 1.39] 1.58 [1.00, 2.50] 1.60 [0.99, 2.57] 

2.5 – 97.5 0.89 [0.72, 1.10] 0.85 [0.68, 1.06] 1.03 [0.76, 1.39] 1.00 [0.74, 1.35] 1.50 [0.95, 2.35] 1.52 [0.93, 2.39] 

5 – 95  0.82 [0.67, 1.00] 0.85 [0.70, 1.03] 1.05 [0.84, 1.31] 1.00 [0.76, 1.31] 1.46 [0.96, 2.22] 1.49 [0.95, 2.39] 
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Appendix D.7: Experiment 2: Treatment effect estimates under different approaches (across PS estimation) 
 Optimal full matching PS weighting PS sub-classification 

 MIA MIAY MIA MIAY MIA MIAY 

Unrestricted 1.12 [0.89, 1.43] 1.11 [0.87, 1.36] 1.02 [0.78, 1.38] 0.99 [0.72, 1.27] 1.49 [0.89, 2.05] 1.52 [0.91, 2.25] 

0 – 100  1.12 [0.89, 1.43] 1.11 [0.87, 1.36] 1.02 [0.78, 1.38] 0.99 [0.72, 1.27] 1.49 [0.89, 2.05] 1.52 [0.91, 2.25] 

1 – 99  1.11 [0.91, 1.36] 1.11 [0.89, 1.38] 1.01 [0.8, 1.27] 0.99 [0.74, 1.32] 1.38 [0.83, 2.27] 1.41 [0.86, 2.31] 

2.5 – 97.5 1.07 [0.91, 1.26] 1.03 [0.85, 1.25] 1.01 [0.83, 1.23] 1.00 [0.77, 1.30] 1.43 [0.90, 2.26] 1.45 [0.92, 2.29] 

5 – 95  1.06 [0.92, 1.22] 1.05 [0.90, 1.23] 1.01 [0.86, 1.19] 1.00 [0.79, 1.26] 1.36 [0.89, 2.08] 1.42 [0.98, 2.16] 

 

Appendix D.8: Experiment 3: Pooled treatment effect estimates under different approaches 
 MIW MIWY MIA MIAY 

Unrestricted 1.51 [0.77, 1.92] 1.63 [0.98, 2.51] 1.60 [1.25, 2.05] 1.57 [1.20, 1.92] 

0 – 100  1.51 [0.77, 1.92] 1.62 [0.98, 2.51] 1.60 [1.25, 2.03] 1.57 [1.21, 1.92] 

1 – 99  1.48 [0.77, 2.83] 1.56 [0.95, 2.59] 1.58 [1.28, 1.95] 1.57 [1.24, 1.98] 

2.5 – 97.5 1.45 [0.77, 2.72] 1.55 [0.97, 2.48] 1.50 [1.24, 1.81] 1.49 [1.21, 1.84] 

5 – 95  1.40 [0.75, 2.63] 1.45 [0.94, 2.23] 1.49 [1.27, 1.75] 1.46 [1.22, 1.74] 
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Appendix E – Chapter 5 

Appendix E.1: Analysis protocol 

Introduction  

Diarrhoea is one of the leading causes of under-five mortality in Kenya (186). 

Oral rehydration solution (ORS) have been shown to be effective in treating 

diarrhoea (187). A number of primary and meta-analyses of Zinc trials including 

(25, 136-139) demonstrated that addition of Zinc to ORS treatments shortens the 

duration of diarrhoea – and as a result informed the WHO diarrhoea treatment 

guidelines for children in developing countries (188). These recommendations 

have been adopted in the Kenyan national treatment guidelines for children with 

diarrhoea and all levels of severity of dehydration (28).  

The use of Zinc is based in part on the fact that children in developing countries 

may often be Zinc deficient to some extent due to poor nutrition (136, 189).The 

prevalence rates of Zinc deficiency vary by country (140) and this has potentially 

contributed to between country variations of Zinc effectiveness as demonstrated 

in a systematic review by Patel (2012) (26). Even though the use of Zinc 

supplementation has been recommended by WHO, majority of healthcare 

workers in developing countries are slow at adopting it (190). Additional 

evidence from lower and middle income countries (LMIC) on the value of Zinc, 

particularly in non-trial settings that may carefully select patients and in 

hospitalised patients rarely included in these studies, may help encourage 

healthcare workers to use Zinc routinely in treatment for diarrhoea, even those 

in hospitals. In addition, a recent systematic review by Lazerrini and Wanzira 

(25) on effectiveness of Zinc concluded that there is still insufficient evidence to 
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support the benefits of Zinc in children younger than six months, those with 

acute diarrhoea and in well-nourished children. 

This heterogeneity in Zinc use outcomes between places and insufficient evidence 

on effectiveness raises the need to examine Zinc effectiveness through 

community pragmatic trials in LMIC. As discussed in the thesis background, 

trials including pragmatic trials are usually costly and require time to plan and 

execute. An alternative would be to use routine datasets to examine the effects of 

Zinc treatment in analyses that aim to approximate RCT (whose limitations 

have also been discussed in the background which include non – random 

treatment allocation and missing data). 

Objective 

The primary focus of this analysis was to examine the effectiveness of Zinc 

supplementation in reducing time (in days) to discharge for children (aged 1 – 5 

and 6 – 59 months) admitted with diarrhoea in Kenyan hospitals.  Systematic 

reviews have included data on mostly trials conducted in hospital settings and 

did not find an effect on mortality but do suggest a valuable effect on duration of 

diarrhoea (25). As CIN patient population was hospitalised, this analysis 

therefore focused on length of stay (to model time to getting discharged alive) 

likely to be influenced by duration of symptoms. In secondary analyses within 

each age group, this analysis aimed to examine the effectiveness of Zinc amongst 

those classified as either severely-moderately malnourished or well nourished. 

Further, as part of exploratory analyses, time to experiencing inpatient mortality 
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(in those who received Zinc versus those who did not) was examined in the two 

age categories. 

Study Design 

This was an observational study based on analyses of data routinely collected 

from hospital paediatric wards in Kenya’s CIN. The CIN provided, as in this 

case, the basis for cheaply and quickly studying effectiveness for a wider range of 

treatments – and as a result informed thinking on the external validity of 

available efficacy trials and provided comparative effectiveness data where 

suitable trials are lacking.  

The design process broadly consisted of the following aspects: 

f) Definition of inclusion and exclusion criteria.  

g) Understanding the diarrhoea diagnosis and treatment assignment 

processes for Zinc31.  

h) Verification of sample size if sufficient for any meaningful analyses.  

i) Creation of comparable treatment arms – which analytically addressed 

the challenges of non – random treatment assignment and missing data.  

(i) Inclusion and exclusion criteria  

The study included children with a diagnosis of diarrhoea at admission, while 

children with AVPU32 = P or U, and those with shock were excluded (see figure 

1). 

                                                           
31 Understanding the treatment assignment process is useful in determining key 

variables for analysis. 
32 AVPU – measures the level of consciousness: A – Alert, V – Verbal , P – Pain and U – 

Unresponsive. 
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Figure 1: Inclusion and exclusion of study population  

 

 

(ii) Understanding the diarrhoea diagnosis and treatment assignment 

processes. 

Diarrhoea treatment happens in three steps: First, clinical signs are assessed; 

these then are integrated to assess the extent of dehydration – which later 

informs appropriate treatment. Dehydration in the Kenyan treatment guidelines 

has been classified into shock, severe, some and no dehydration. Children with 

shock present with weak/absent pulse, AVPU<A, cold hands plus temperature 

gradient, capillary refill > 3 seconds, sunken eyes and slow skin pinch. In case of 

these signs then a child should be treated for hypoglycaemia and treated with 

intravenous fluid then later given oral rehydration solution once able to drink. 
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While children with severe dehydration present with inability to drink, AVPU<A 

plus sunken eyes and return of skin pinch greater than or equal to two seconds. 

These children are treated in two steps: Step one involves administration of 

intravenous fluid followed by administration of oral rehydration solution once a 

patient is able to drink (which can occur with minutes or hours). Those with 

some dehydration are able to drink and present with at least two of the following 

signs: sunken eyes, return of skin pinch 1 - 2 seconds and 

restlessness/irritability. Lastly, those with diarrhoea without dehydration 

present with only one sign of some dehydration, and these patients should be 

treated with oral rehydration solution alone. See (28) for specific details on 

recommended doses of oral rehydration solution and intravenous fluids. 

According to the guidelines, all patients with diarrhoea regardless of dehydration 

classification should be given oral Zinc.  

Sample Size 

The sample size calculations used the formula cited by Weaver (2017) (191): 

 

Where:  are standard normal percentiles; p 1 and p 2 are proportions 

allocated to (treatment) groups. 

In order to determine the number of patients that would be discharged by day 14 

when treated with Zinc, data were simulated for various values of Sub-

Distribution Hazard Ratios (ranging from 1.1 to 1.25) that would need to be 

observed. From the simulations, it seemed a minimum of 1000 would be 
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sufficient to detect a SHR of 1.2 in either of the age groups (assuming SHR of 1.2 

is clinically plausible). 

 

Figure 2: Sample size verification – using significance level of 5% and 

power of 80%. For group 1 (aged 1 – 5 months): p1 = 72%, p2 = 28% and 

group 2 (aged 6 – 59 months): p1 = 77%, p2=23%. 
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Variables 

Outcome variables 

The analysis used time to getting discharged alive as the primary outcome. 

However, time to experiencing inpatient mortality was also analysed as part of 

exploratory analyses. 

Independent variables 

These variables were grouped into key and auxiliary. Key variables have been 

outlined in the treatment protocol (28) (also explained in the treatment 

assignment process) and they should influence diarrhea/dehydration 

classification and hence treatment. While auxiliary variables may be examined 

for an explicit influence on treatment assignment, although according to the 

formal rules (the guidelines) they are not considered reasons to alter treatment 

assignment. See table 1 for a summary of key and auxiliary variables that were 

used in the analyses. 
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Table 1: Summary of key and auxiliary variables 

Key Variables Auxiliary variables 

Pulse strength (weak, normal) Age (months) 

AVPU (Alert, Verbal, Pain, 

Unresponsive) 

Gender (male/female) 

Extremities warm to (hand, shoulder, 

elbow) 

Weight  

Capillary refill (seconds) Pallor (0, +, +++) 

Sunken eyes (Yes, No) Temperature (Degrees centigrade) 

Skin pinch (Seconds) Fever (present/absent) 

Blood transfusion prescribed (Yes, No) 

– proxy for Hb < 5g/dl 

Convulsions (present/absent) 

Ability to Drink (Yes, No) Vomiting (yes/no) 

 Length of illness (days) 

 Visible severe wasting (yes/no) 

 Thrush (present/absent) 

 Oedema (none, foot, knee, face) 

 ORS prescription 

 IV fluid prescription 

 Weight age z – score 

 Wheeze (present/absent) 

 Comorbidities (HIV+, Meningitis, 

Malaria and or pneumonia) 

 Hospital (H1 – H14) 

 

Statistical Analysis 

Statistical analysis proceeded in the following four steps: 

Step 1 – missing clinical signs data were multiply imputed. Outcome data were 

included in the imputation models. Then subsets of data by each of the age 

categories (1 – 5 and 6 – 59 months) obtained for each of the imputed datasets. 

Step 233 – for each imputed dataset (for each of the age categories), patients in 

the alternative treatment arms were matched to overcome non – random 

                                                           
33 After multiple imputations, PS will be estimated and matching done on each of the 

imputed datasets. This method allows to account for uncertainties in PS estimation 

rather than using averaged PS across the datasets. 
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treatment allocation. In order to create matched groups, this study compared PS 

methods: optimal full matching and weighting34. Standardised mean differences 

(and where necessary density plots) were used as diagnostic checks for covariate 

balance and overlap (107, 108). The method that results in the minimum average 

absolute standardised mean differences for the majority of the variables was 

considered appropriate (37).  

Step 3: conducting outcome analysis. 

For each imputed dataset, analysis estimated time to being discharged. For 

modelling time to being discharged – a competing risk regression model 

suggested by Scheike (2011) (145) was used to estimate overall treatment effects. 

In this case, the focus was on time to being discharged alive (or in stable clinical 

condition) in which mortality was treated as a competing event. Patients who 

were discharged against medical advice, referred or absconded from the hospitals 

were censored as actual length of stay was unknown.  

An additive interaction was used in modelling the use of Zinc by nourishment 

status (143). As such, I derived a variable with four levels representing those 

who: (i) received Zinc and were well-nourished; (ii) received Zinc and were 

malnourished; (iii) did not receive Zinc and were well-nourished and; (iv) did not 

receive Zinc and were malnourished. The reference group used in the analyses, 

was well-nourished children who received Zinc as they were expected to be 

discharged sooner than the other three subgroups. To ensure the four subgroups 

had comparable patient characteristics, I followed the step by step approach 

                                                           
34 Sub-classification will not be considered in this analyses as it performed poorer than 

PS weighting and optimal full matching. 



274 
 

suggested by Spreeuwenberg (2010) (144). This involved: (i) Fitting PS models 

using multinomial logistic regression with a probit link function to obtain four 

propensity scores per patient; (ii) Examining PS distribution overlap. This was 

important as a patient in a treatment subgroup should have some probability of 

being assigned/belonging to other subgroups. Biased estimates may be obtained 

in case of PS non-overlap; (iii) Examining covariate balance across the four 

subgroups. Covariables used in creating propensity scores in all the analyses 

included key signs and symptoms suggested for diagnosing and assessing 

severity of diarrhoea and dehydration in the Kenyan paediatric guidelines 

together with variables considered a priori to influence the clinical outcomes of 

interest such as fluid regimen prescribed and comorbidities. These models were 

fitted on each imputed dataset (adjusting for other variables used in PS models) 

and results pooled using Rubin rules.  

Step 4: sensitivity analysis was conducted to investigate effects of unmeasured 

confounders and validity of estimates obtained through multiple imputation.  

Exploring effects of unmeasured confounders 

Sensitivity analysis for unmeasured confounders involved the use of 

instrumental variables (IV) (192). IV tries to find a natural experiment in the 

data. This analysis used the timing to admission (weekend/weekday) variable 

(also discussed in Chapter 4).  

Examining validity of multiple imputation 

The sensitivity analysis for MI validity was be based on pattern mixture models 

(193). Pattern mixture models involve formulation of different missing data 
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patterns. This analysis involved missing data in more than one covariate and 

therefore patterns were formulated by grouping of patients according to the 

number of variables for which they have observed data (same as discussed in 

Chapter 4). After formulation of missing data patterns then imputation followed 

by outcome analysis were conducted on each using separate models (each had 

less power but the aim was to check consistency of results). Each pattern 

estimated treatment effect and these were pooled by weighting the estimates 

using the proportion of patients in each pattern (193). 

Appendix E.2: Additional analyses 

The appendix is organised into the following sub – sections: 

 Amount of missing data reported and multiple imputation diagnostics 

 Examining Constance of effects of covariates in age groups 1 (1 – 5 

months) and 2 (6 – 59 months) – time to being discharged alive being the 

outcome 

 Examining distribution of patient characteristics in a four level variable 

formulated in an additive interaction between Zinc prescription and 

nourishment status 

 Cumulative incidences by nourishment status 

 Distribution of variables by levels of weekend/weekday admission variable 

 Examining constant effects of covariates in groups 1 (1 – 5 months) and 2 

(6 – 59 months) – time to experiencing mortality being the outcome 

 Mortality cumulative incidences 

 Propensity score weighting by patterns 1 – 3  

a) Amount of missing data reported and multiple imputation diagnostics 
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Appendix E.2.1 presents all the variables that were used in the PS models. These 

data (for those aged < 6 months and those aged>= 6 months together) had 

missing data of at most 23%. 

Appendix E.2.1: Percentage of missing data 

Variable % 

Pulse 10.2 

AVPU 4.5 

Capillary refill 17.0 

Sunken eyes 10.7 

Skin pinch 8.8 

Blood transfusion order 0.3 

Ability to drink 8.8 

Skin temperature 21.9 

Age (months) 0.4 

Child sex 0.8 

Weight 3.9 

Pallor 4.3 

Temperature 10.3 

Fever 3.1 

Convulsions 5.6 

Vomiting 2.3 

Hospital referral 23.2 

Length of illness 2.3 

Severe wasting 21.6 

Thrush 13.1 

Oedema 6.7 

Oral fluid 0.0 

IV fluid 0.0 

Wheeze 4.9 

Hospital 0.0 

Diarrhoea > 14 days 14.4 

HIV 0.0 

Pneumonia 0.0 

Malaria 0.0 

Meningitis 0.0 

Outcome (alive/died) 0.9 

Length of stay 0.2 

 

After assessing completeness of the variables, 10 datasets were multiply imputed 

using chained equations. Thereafter, average densities of observed versus 

imputed values were examined for the following continuous variables: length of 

illness, age, weight and temperature (Appendix E.2.2). The densities for observed 
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and imputed values were overlapping showing the plausibility of the imputed 

values and that the imputation models had worked correctly. 

 

Appendix E.2.2: Distribution of observed versus average imputed values 

(continuous variables) 
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b) Examining constant effects of covariates in age groups 1 (1 – 5 months) 

and 2 (6 – 59 months) – time to being discharged alive being the outcome. 

Scheike (2011) explained the use of Kolmogorov-Sminorv and Cramer von Mises 

test statistics to examine if covariates had varying effects across the discharge 

time points. These tests were conducted on group 1 and 2 PS weighted datasets. 

Pulse and blood transfusion order were modelled with varying effects across 

discharge time points in group 1 (1 – 5 months). On the other hand, sunken eyes, 

blood transfusion order, oral and IV prescription were modelled with varying 

effects in group 2 (6 – 59 months) (see Appendix E.2.3). 

Appendix E.2.3: p – value for PS adjusted models  

 Group 1 (1 – 59 months) Group 2 (6 – 59 months) 

 Kolmogorov-

Smirnov 

Cramer Von 

Mises 

Kolmogorov-

Smirnov 

Cramer Von 

Mises 

Zinc prescription (Yes) 0.14 0.15 0.06 0.08 

Pulse (Weak) 0.01* 0.00* 0.68 0.86 

AVPU (Verbal 

response) 

0.51 0.33 0.91 0.96 

Skin temperature 

(Hand) 

0.11 0.17 0.70 0.51 

Skin temperature 

(Shoulder) 

0.28 0.31 0.09 0.12 

Capillary refill (> 3 

sec) 

0.71 0.58 0.81 0.90 

Capillary refill 

(Indeterminate) 

0.64 0.56 0.07 0.18 

Sunken eyes (Yes) 0.33 0.42 0.00* 0.00* 

Skin pinch 

(immediate) 

0.66 0.83 0.79 0.83 

Skin pinch (>=2 sec) 0.15 0.19 0.46 0.46 

Blood transfusion 

order (Yes) 

0.01* 0.00* 0.00* 0.00* 

Ability to drink (Yes) 0.48 0.64 0.36 0.16 

Oral fluid prescription 

(Yes) 

0.15 0.07 0.00* 0.00* 

IV fluid prescription 

(Yes) 

0.15 0.20 0.00 0.00* 

* p – value < 5% 
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c) Examining distribution of patient characteristics in a four level variable formulated in an additive interaction between 

Zinc prescription and nourishment status. 

Appendix E.2.4: Patient distributions across the four subgroups and p – values for testing differences before and after PS 

adjustments (1 – 5 months) 

 

Zinc-wellnourished Zinc-malnourished No Zinc-wellnourished No Zinc-malnourished 

Before multiple PS  

correction (p - value) 

After multiple PS  

correction (p - value) 

Pulse 

      Normal 95 91 96 92 0.050 0.998 

Weak 5 9 4 8 

  AVPU 

      Alert 98 96 97 97 0.307 1.000 

Verbal response 2 4 3 3 

  Capillary refill 

      <= 3 Sec 95 94 97 94 0.249 1.000 

> 3 Sec 1 1 1 3 

  Indeterminate 4 5 2 3 

  Sunken eyes 

      No 73 63 82 69 0.000 0.989 

Yes 27 37 18 31 

  Skin pinch 

      1 -2 secs 21 26 20 29 0.000 1.000 

Immediate 70 58 74 53 

  more than or equal to 2secs 9 16 6 18 

  Blood transfusion order 

      No 98 95 98 96 0.090 0.999 

Yes 2 5 2 4 

  Ability to drink 

      No 15 19 18 27 0.008 1.000 

Yes 85 81 82 73 

  Skin temperature 

      Elbow 3 4 3 5 0.230 1.000 

Hand 96 94 94 92 

  Shoulder 1 2 3 3 

  Child sex 

      Female 46 42 49 39 0.142 0.999 

Male 54 58 51 61 

  Pallor 

      mild/moderate 7 15 9 17 0.001 1.000 

None 89 82 89 81 
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Severe 3 3 2 2 

  Fever 

      No 19 20 20 27 0.173 1.000 

Yes 81 80 80 73 

  Convulsions 

      No 92 93 89 95 0.053 0.999 

Yes 8 7 11 5 

  
Vomiting 

      No 39 42 39 44 0.648 1.000 

Yes 61 58 61 56 

  Hospital referral 

      No 83 81 75 69 0.000 1.000 

Yes 17 19 25 31 

  Severe wasting 

      No 97 83 95 80 0.000 0.909 

Yes 3 17 5 20 

  Thrush 

      No 97 95 96 94 0.275 1.000 

Yes 3 5 4 6 

  Oedema 

      Face 0 0 0 0 0.057 0.116 

Foot 1 0 2 0 

  Knee 0 0 0 0 

  None 99 100 98 100 

  Oral fluid prescribed 

      No 12 21 20 31 0.000 0.997 

Yes 88 79 80 69 

  IV fluid prescribed 

      No 71 57 68 59 0.000 0.996 

Yes 29 43 32 41 

  Wheeze 

      No 97 95 90 97 0.001 0.999 

Yes 3 5 10 3 

  History of pesistent diarrhoea 

      No 97 96 99 97 0.135 0.999 

Yes 3 4 1 3 

  HIV 

      hiv+ 1 3 1 5 0.001 0.995 

hiv- 99 97 99 95 

  Pneumonia 

      pneum+ 49 50 57 61 0.010 1.000 

pneum- 51 50 43 39 

  Malaria 

      malaria+ 25 16 17 7 0.000 0.998 
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malaria- 75 84 83 93 

  Meningitis 

      meningitis+ 4 5 9 8 0.007 1.000 

meningitis- 96 95 91 92 

  Continuous variables: mean (sd) 

      Weight 6 (2) 4 (1) 6 (2) 4 (1) 0.000 0.644 

Temperature 38 (1) 38 (1) 38 (1) 38 (1) 0.002 0.999 

Length of illness 5 (5) 7 (12) 5 (5) 7 (12) 0.000 0.998 

 

Appendix E.2.5: Patient distributions across the four subgroups and p – values for testing differences before and after PS 

adjustments (6 – 59 months) 

 

Zinc-wellnourished Zinc-malnourished No Zinc-wellnourished No Zinc-malnourished 

Before multiple PS  

correction (p - value) 

After multiple PS  

correction (p - value) 

Pulse 

      Normal 95 93 94 91 0.000 0.962 

Weak 5 7 6 9 

  AVPU 

      Alert 98 97 97 96 0.008 0.999 

Verbal response 2 3 3 4 

  Capillary refill 

      <= 3 Sec 95 95 95 95 0.503 1.000 

> 3 Sec 1 1 1 1 

  Indeterminate 4 4 4 4 

  Sunken eyes 

      No 67 61 75 67 0.000 0.985 

Yes 33 39 25 33 

  Skin pinch 

      1 -2 secs 23 23 22 24 0.000 0.982 

Immediate 71 64 72 60 

  more than or equal to 2secs 7 13 7 16 

  Blood transfusion order 

      No 98 97 96 95 0.000 0.999 

Yes 2 3 4 5 

  Ability to drink 

      No 14 17 18 18 0.000 0.986 

Yes 86 83 82 82 

  Skin temperature 

      Elbow 3 5 4 6 0.000 1.000 

Hand 95 93 94 92 

  Shoulder 2 2 2 3 

  Child sex 
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Female 46 40 48 43 0.000 0.987 

Male 54 60 52 57 

  Pallor 

      mild/moderate 8 12 9 16 0.000 0.999 

None 90 85 87 80 

  Severe 2 3 4 4 

  Fever 

      No 24 22 20 24 0.007 0.990 

Yes 76 78 80 76 

  Convulsions 

      No 88 91 85 89 0.000 0.999 

Yes 12 9 15 11 

  
Vomiting 

      No 19 20 24 29 0.000 1.000 

Yes 81 80 76 71 

  Hospital referral 

      No 84 83 80 75 0.000 0.999 

Yes 16 17 20 25 

  Severe wasting 

      No 98 85 97 77 0.000 0.060 

Yes 2 15 3 23 

  Thrush 

      No 97 95 96 94 0.000 0.981 

Yes 3 5 4 6 

  Oedema 

      Face 0 0 1 0 0.000 1.000 

Foot 2 0 3 0 

  Knee 0 0 0 0 

  None 98 100 96 100 

  Oral fluid prescribed 

      No 11 15 25 26 0.000 0.877 

Yes 89 85 75 74 

  IV fluid prescribed 

      No 69 62 65 62 0.000 0.939 

Yes 31 38 35 38 

  Wheeze 

      No 98 97 96 96 0.000 0.999 

Yes 2 3 4 4 

  History of pesistent diarrhoea 

      No 97 96 97 96 0.002 0.993 

Yes 3 4 3 4 

  HIV 

      hiv+ 1 3 1 3 0.000 0.763 

hiv- 99 97 99 97 
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Pneumonia 

      pneum+ 28 36 37 43 0.000 0.909 

pneum- 72 64 63 57 

  Malaria 

      malaria+ 31 18 27 17 0.000 0.869 

malaria- 69 82 73 83 

  Meningitis 

      meningitis+ 4 5 7 6 0.000 0.992 

meningitis- 96 95 93 94 

  Continuous variables: mean (sd) 

      Weight 10 (3) 7 (2) 10 (3) 7 (2) 0.000 0.000 

Temperature 38 (2) 38 (1) 38 (1) 38 (1) 0.000 0.992 

Length of illness 4 (7) 6 (11) 5 (11) 7 (13) 0.000 0.943 
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d) Cumulative incidences by nourishment status 

The discharge probabilities by nourishment status for groups 1 (1 – 5 months) 

and 2 (6 – 59 months) showed that those who were well nourished were likely to 

be discharged sooner than those who were malnourished. Also those who 

received Zinc were more likely to be discharged sooner than those who did not 

receive Zinc (Appendix E.2.6). 
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Appendix E.2.6 (age groups 1 and 2) :Discharge probabilities by nourishment 

status             

e) Distribution of variables by levels of weekend/weekday admission variable 

To assess whether weekend/weekday admission variable would form a natural 

and random experiment, the distributions of covariates were examined across 

the levels of the instrumental variable (weekend/weekday) in groups 1 and 2. 

The distribution of each of the patient characteristics between weekend and 

weekday admission was approximately similar for the variables with majority 

having absolute standardised mean differences of <=10% (Appendix E.2.7). Also 

likelihood ratio tests showed that weekend/weekday admission was significantly 

associated with Zinc prescription in both age groups. Further, mediation analysis 

showed significant association between time to discharge and weekend/weekday 
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admission through treatment (Zinc/ No Zinc) also in both age groups. These 

suggested that timing of admission variable satisfied the assumptions as a valid 

IV. 

Appendix E.2.7: Imbalance of covariates between children who were admitted during 

the weekends and weekdays  

Variable Level 

Group 1: 1 – 5 months 

(n = 1058) 

Group 2: 6 – 59 months 

 (n = 8056) 

Weekend Weekday ASMD Weekend Weekday ASMD 

Pulse Normal 85 84 0.03 92 92 0.00 

  Weak 15 16   8 8   

AVPU Alert 97 96 0.05 97 97 0.02 

  

Verbal 

response 
3 4 

  
3 3 

  

Capillary refill <= 3 Sec 94 94 0.00 92 92 0.00 

  > 3 Sec 1 1   1 1   

  

Indetermin

ate 
5 5 

  
7 7 

  

Sunken eyes No 69 70 0.02 60 60 0.00 

  Yes 31 30   40 40   

Skin pinch 1 -2 secs 25 24 0.08 25 22 0.12 

  Immediate 55 57   63 68   

  >= 2 secs 20 19   12 10   

Blood transfer 

order 
No 99 99 0.00 96 97 0.09 

  Yes 1 1   4 3   

Ability to 

drink 
No 21 19 0.08 18 18 0.00 

  Yes 79 81   82 82   

Skin 

tempterature 
Elbow 4 5 0.03 5 5 0.00 

  Hand 95 94   93 93   

  Shoulder 1 1   2 2   

Chid sex Female 45 46 0.06 42 42 0.00 

  Male 55 54   58 58   

Pallor 
Mild/moder

ate 
13 13 0.08 10 11 0.03 

  None 82 84   90 86   

  Severe 5 3   1 3   

Fever No 21 22 0.05 26 25 0.02 

  Yes 79 78   74 75   

Convulsions No 94 93 0.01 89 90 0.03 

  Yes 6 7   11 10   

Vomiting  No 37 35 0.13 17 19 0.06 

  Yes 63 65   83 81   

Hospital 

referral 
No 80 74 0.19 85 81 0.09 

  Yes 20 26   15 19   

Severe wasting No 92 90 0.05 97 96 0.03 
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  Yes 8 10   3 4   

Thrush No 97 96 0.04 98 96 0.04 

  Yes 3 4   2 4   

Oedema Face 0 0 0.01 0 0 0.02 

  Foot 1 1   1 1   

  Knee 0 0   0 0   

  None 99 99   99 98   

Oral fluid No 12 13 0.02 29 26 0.06 

  Yes 88 87   71 74   

IV fluid No 63 62 0.02 65 59 0.15 

  Yes 37 38   25 41   

Wheeze No 98 94 0.07 97 97 0.00 

  Yes 2 6   3 3   

Diarrhoea>14 

days 
No 99 98 0.05 98 98 0.00 

  Yes 1 2   2 2   

HIV hiv+ 1 3 0.10 1 2 0.04 

  hiv- 99 97   99 98   

Pneumonia pneum+ 41 52 0.23 32 34 0.08 

  pneum- 59 49   68 66   

Malaria malaria+ 15 12 0.19 26 25 0.01 

  malaria- 85 88   74 75   

Meningitis meningitis+ 8 6 0.20 2 4 0.06 

  meningitis- 92 94   98 96   

Weight   5.28 5.31 0.07 8.95 8.90 0.03 

Temperature   37.31 37.52 0.04 37.51 37.55 0.02 

Length of 

illness   
4.9 6.32 0.25 4.63 4.78 0.05 

 

Note: 

The IV did not balance on the variables with ASMD > 10%. These were however 

further adjusted for in the Scheike regression model. 

f) Examining constant effects of covariates in groups 1 (1 – 5 months) and 2 

(6 – 59 months) – time to experiencing mortality being the outcome. 

Using both Kolmogorov-Smirnov and Cramer von Mises tests, it was indicated 

that the effect of Zinc on mortality was not constant across the discharge time 

points (for both groups). Therefore, Zinc effect estimates with corresponding 95% 

C.I were obtained for each time point using the Scheike’s flexible model. In group 

1, Zinc seemed to have no effect on mortality until after a week while Zinc 
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seemed to have a significant effect on mortality in group 2 – with those who 

received Zinc having reduced risk of dying (results presented in the main text – 

Figure 5.05).  

Appendix E.2.8:  p – values for PS adjusted models 

 Group 1 (1 – 5 months) Group 2 (6 – 59 months) 

 Kolmogorov-

Smirnov 

Cramer Von 

Mises 

Kolmogorov-

Smirnov 

Cramer Von 

Mises 

Zinc prescription (Yes) 0.01 0.01 0.00 0.00 

Pulse (Weak) 0.30 0.33 0.49 0.67 

AVPU (Verbal 

response) 

0.00 0.00 0.25 0.04 

Skin temperature 

(Hand) 

0.29 0.31 0.24 0.16 

Skin temperature 

(Shoulder) 

0.90 0.86 0.15 0.15 

Capillary refill (> 3 

sec) 

0.41 0.62 0.41 0.04 

Capillary refill 

(Indeterminate) 

0.00 0.01 0.01 0.02 

Sunken eyes (Yes) 0.65 0.70 0.32 0.30 

Skin pinch 

(immediate) 

0.97 0.93 0.41 0.44 

Skin pinch (>=2 sec) 0.04 0.02 0.45 0.63 

Blood transfusion 

order (Yes) 

0.01 0.01 0.02 0.02 

Ability to drink (Yes) 0.00 0.00 0.29 0.23 

Oral fluid prescription 

(Yes) 

0.01 0.00 0.50 0.55 

IV fluid prescription 

(Yes) 

0.04 0.01 0.43 0.12 

g) Mortality cumulative incidences 

In Appendix E.2.9, those who received Zinc in both age groups seemed to have reduced 

risk of dying compared to those who did not receive Zinc. 
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        Appendix E.2.9: Probability of dying across discharge time points in groups 1 and 

2     
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h) Propensity score weighting by patterns 1 – 3  

Appendix E.2.10: Group 1 
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Appendix E.2.11: Group 2 
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Appendix F – Chapter 6 

Appendix F.1 

 

 

 

Box 6.4.1: Proof by Leyrat (2017) of inconsistence of the across method 

Suppose T represents a treatment variable, Y an outcome, X a confounder (having values missing at 

random), and R a missing data indicator where: 

 

 

 

 

When X is observed (Xobs) then R = 1, and when X is missing (Xmiss) then R = 0. Here the model linking 

treatment (T) to the confounder X is . As the distribution of the 

outcome is the same as the treatment, then the expected outcome (E [YT=1]) is 0.5. When both T and Y are 

equal to 1 and  a function of the propensity score, then the expected PS (based on the treatment model 

above) is E [e (Xobs, Xmiss)] = 0.89. When T and Y are equal to 1 then the confounder X can take the 

following three values: missing, 0 and 1 resulting in expected PS of 0.89, 0.1 and 0.9. Therefore: 

 

Clearly . This demonstrates that the across method 

may produce an inconsistent estimator. 
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Appendix F.2: Distribution of patients by clinical characteristics between gentamicin 

plus penicillin (P + G) and Penicillin (P) per experiment (Coloured cells show cases 

where G+P have more positives on the characteristics). 

 

Experiment 1 Experiment 2 Experiment 3 

 

G + P P G + P P G + P P 

       Central cyanosis (present) - - 1% 0% 2% 0% 

Indrawing (present) 100% 100% 78% 76% 72% 63% 

Grunting (present) - - 31% 13% 40% 12% 

Pallor 

      mild/moderate 5% 4% 6% 4% 7% 6% 

None 93% 94% 92% 94% 91% 92% 

Severe 2% 1% 2% 1% 2% 2% 

       Able to drink - - 85% 87% 82% 87% 

APU   

    Alert - - 96% 97% 94% 97% 

Pain response - - 1% 1% 3% 1% 

Unresponsive - - 1% 0% 1% 0% 

Verbal response - - 1% 2% 2% 2% 

       Difficulty in breathing (present) 72% 66% 72% 66% 72% 60% 

Capillary refill 

      1 Sec 60% 72% 60% 70% 60% 68% 

2 Sec 36% 26% 36% 27% 35% 29% 

>2 Sec 3% 2% 4% 2% 4% 3% 

       Fever (present) 80% 80% 82% 81% 81% 82% 

Comorbidities 

      None 82% 85% 79% 83% 78% 78% 

Malaria 11% 9% 12% 10% 13% 13% 

Diarrhoea/Dehydration 2% 3% 2% 3% 3% 3% 

Both 5% 4% 6% 4% 6% 6% 

       Convulsions (present) 4% 5% 6% 6% 7% 8% 

Vomitting  37% 37% 36% 37% 38% 41% 

Cough (present) 90% 90% 89% 90% 87% 88% 

Difficulty in feeding 32% 27% 36% 31% 37% 31% 

Crackles (present) 57% 52% 57% 50% 54% 45% 

       Hospital referral 18% 17% 20% 17% 22% 17% 

Thrush (present) 2% 2% 2% 2% 2% 2% 

Wheeze (present) 16% 15% 16% 15% 16% 14% 

Oxygen ordered 23% 12% 21% 13% 28% 11% 

IV fluid prescribed 5% 3% 6% 4% 7% 5% 

Quinine prescribed 3% 4% 5% 5% 5% 8% 

Artesunate prescribed 10% 6% 13% 6% 13% 10% 

 

 

 

 

 

 


