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Abstract 

The gut microbiota is a complex ecosystem playing a role in health, primarily colonized 

in the first year of life. Some medication use, such as antibiotics, can cause microbial 

dysbiosis (unusual microbiome composition) and is associated with development of 

pathologies such as asthma. However, the impact of other medication use on the gut 

microbiome is poorly characterized. In this thesis, I use the rich data collected in the 

CHILD Cohort Study, to develop models examining the impacts of medication practices 

on infant microbial dysbiosis and associated child outcomes. Certain medication use 

was associated with changes in the gut microbiome, but the results suggest medication 

use may be a proxy for other lifestyle factors that make the child more prone to microbial 

dysbiosis. This work forms the base for further characterizations of the links between 

medication use, metabolism, and lifestyle, to identify the most effective intervention 

points for preventing microbial dysbiosis. 
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Chapter 1.  
 
Introduction 

1.1. Composition and Function of The Gut Microbiota  

The gut microbiota is defined as the population of bacteria and archaea that 

inhabit the gastrointestinal tract (Thursby & Juge, 2017). These microbes coexist with 

their host and tremendously impact the host's metabolic pathways and immune 

response (Zou et al., 2019). In turn, the environment of the host influences the gut 

microbiota. While there is no one “healthy” gut microbiota, a healthy gut microbiota is 

generally high in species diversity, maintains homeostasis and is compatible with the 

host’s diet, allowing an individual to thrive in their unique environment (McBurney et al., 

2019.; Yatsunenko et al., 2012). However, several phyla are consistently identified. 

Using data from King et al., Figure 1.1 shows proportions of common phyla in adult gut 

microbiomes, and Figure 1.2 shows the breakdown of these phyla and some examples 

of their family membersFigure 1.2 (Rinninella et al., 2019). 

 

Figure 1.1. Common proportions of taxa found in the gut microbiota from an 
adult cohort (n=98). Taxa are shown at the phylum level with the 
corresponding colours indicated in the legend. For ease of visibility, 
the plot is sorted with the highest proportion of Firmicutes on the 
left with the lowest on the right. Data obtained from King et al., 2019. 
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Figure 1.2. Taxonomic Breakdown of Dominant Phyla in the Human Gut 
Microbiome. Taxa are organized alphabetically by phylum from top 
to bottom. Arrows originating in the Phylum column indicate which 
lower taxonomic labels are members of their rank. The taxa shown 
in this figure are non-exhaustive, and the figure is adapted from 
Rinniella et al., 2019. Levels are shown for phylum, class, order and 
family, using the official taxonomic names from before the NCBI 
update in 2021.  
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The composition and abundance of species vary from person to person and can 

change over the host's life. These individual differences are challenging to characterize. 

Certain studies have outlined that genetic factors can account for approximately 10% of 

the variation between human gut microbiome compositions, and the environment can 

account for approximately 20% (Scepanovic et al., 2019). While compositions can vary 

significantly from person to person, the required functionality remains consistent (Tian et 

al., 2020). Table 1.1 shows the main functionalities assigned to dominant phyla 

Table 1.1. 

Table 1.1.  Documented role of prominent gut microbial phyla. Information 
shown for Actinobacteria, Firmicutes, Bacteroidetes and 
Proteobacteria. A simplified description of their roles can be found 
along with the appropriate citation. The roles described represent a 
sample and are a non-exhaustive list.  

Phylum Role  Citation  

Actinobacteria   Protection from 
enteropathogenic infections  

Binda et al., 2018 

Gut mucosal barrier function  Hardy et al., 2013 

Carbohydrate Metabolism Macfarlane & Englyst, 1986 

T regulatory cell modulation  Binda et al., 2018 

Firmicutes  Gut mucosal barrier integrity  Vaiserman et al., 2020 

Carbohydrate metabolism  Ottman et al., 2012 

Bacteroidetes  Energy production  

Ottman et al., 2012 Amino acid metabolism 

Carbohydrate metabolism  

Proteobacteria  Establish an environment for 
strict anaerobe colonization 

Shin et al., 2015 

Pro-inflammatory responses Shahi et al., 2017  

 

Some of the mechanisms for the functionalities assigned to these taxa are 

extremely well-characterized, while others are only beginning to be explored. For 

example, carbohydrate metabolism is a well-established and well-known function of the 

gut microbiota (Macfarlane & Englyst, 1986; Ottman et al., 2012). Humans ingest many 

carbohydrates that we do not have the enzymes to ferment properly. Luckily, the 

bacteria can perform the necessary fermentation processes on these undigestible 

carbohydrates to produce human-usable short-chain fatty acids (SCFA). Depending on 
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the diet, these SCFA can account for approximately 10% of the required human caloric 

intake (den Besten et al., 2013).  

While not novel, the exploration of the interplay between the gut microbiota and 

the immune system is still relatively new compared to the established roles in 

metabolism (Binda et al., 2018; Hardy et al., 2013; Shahi et al., 2017; Vaiserman et al., 

2020). Several mechanisms to describe the interaction between SCFA and the immune 

system exist. For example, intestinal butyrate can be transported by the 

monocarboxylate transporter 1 across the gut epithelia and undergo beta-oxidation, 

which is the mechanism of breaking down fatty acids into energy, an essential process 

for maintaining the health of the gut epithelial cells. Butyrate could also interact with G 

protein-coupled receptors and initiate regulatory pathways such as mTOR, which control 

processes such as autophagy and immune function (Noureldein & Eid, 2018; Parada 

Venegas et al., 2019). 

1.2. Initial Colonization and Early Life Events Associated 
with Shifts in the Infant the Gut Microbiota.  

The initial gut microbiome composition of infants can vary greatly compared to 

adults. There is some evidence that some microbial colonization can take place in utero. 

However, most initial microbial colonization occurs vertically during the birthing process 

(Nguyen et al., 2016). An infant born vaginally will have its primary gut colonizers be 

very similar to the mother's vaginal microbiota, whereas a caesarean-born infant will 

have an initial composition more similar to the mother's skin. For this reason, 

researchers must also consider maternal microbiotas when anticipating infant 

trajectories. The maternal prenatal microbiota (both gut and vaginal) can influence the 

health of the mother and can predispose them to delivery complications which can, in 

turn, affect the initial infant gut colonization (Hiltunen et al., 2021).  

However, an infant’s microbial gut colonizers change dynamically over the first 

few months, eventually stabilizing when the child has conformed to a more adult diet 

(Walker, 2013). The major bacterial phyla in the infant gut microbiome are Firmicutes, 

Actinobacteria and Bacteroidetes. Actinobacteria and Firmicutes play a significant role in 

short-chain fatty acid production pre and post-weaning, respectively (Odamaki et al., 

2016; Rinninella et al., 2019). We see shifts like these because certain species, such as 



5 

the Actinobacterial genus Bifidobacteria, have specific pathways that require human milk 

oligosaccharides, so the transition to solid food would induce a phylogenetic shift. While 

the composition might change, the functional redundancy found in a healthy gut 

microbiota population aims to ensure consistent functionality regardless of age (Tian et 

al., 2020).  

Evidence shows that certain environmental factors significantly impact gut 

microbiome composition in early life. Recent interest is the impact of caesarian versus 

vaginal births, as this can dramatically affect the initial colonizers populating the infant’s 

gut. A study by Schmidt et al. showed that babies born via caesarian section showed 

almost a complete lack of Bacteroides  in the gut microbiome for nearly a month after 

birth (Schmidt et al., 2018). Other environmental factors influencing gut microbiome 

composition include early microbe exposure, formula use and antibiotic use in early life 

(Stout et al., 2017). These dynamic changes result from different environmental 

exposures at critical points of development. Figure 1.3 shows a subset of environmental 

factors influencing gut microbial composition during infancyFigure 1.3. 
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Figure 1.3.  Sample of known microbial and lifestyle interactions identified from the literature review. Known positive 
relationships are represented with a dark blue square, while negative relationships are identified with a green 
square. A positive relationship would indicate that the occurrence of the lifestyle variable increases the 
amount of microbe present in the gut microbiome. Associations are organized into three-time points, 
prenatal, at delivery and early infancy. Data summarized from Depner et al., 2020; Francino, 2014; Matamoros 
et al., 2013; Milani et al., 2017; Moore & Townsend, 2019; Nguyen et al., 2016; Tanaka & Nakayama, 2017; 
Torres et al., 2020
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1.3. Diseases Associated with The Gut Microbiota and 
Microbial Dysbiosis 

Many medical conditions have been associated with microbial shifts. These 

conditions are not limited to inflammatory diseases but also metabolic and 

neuropsychiatric disorders. A subset of conditions with established microbial 

associations and their taxonomic associations can be seen in Table 1.2 

Table 1.2.  Documented associations of medical conditions and gut microbiota 
associations found in the literature. The table is adapted from Kho & 
Lal, 2018 and is a non-exhaustive list.  

Disease  Association  Citation  

Inflammatory Bowel Disease  Increase in Enterobacteriaceae, 
Bacteroides and Ruminococcus  

Machiels et al., 2014; Png et al., 
2010; Sokol et al., 2008; Willing 
et al., 2010 

Atopic Disease Increase in Clostridium difficile, 
increased C. 
difficile/Bifidobacteria ratio.  

Kalliomäki et al., 2001 

Obesity Increased Firmicutes and 
Actinobacter  

Koliada et al., 2017; Turnbaugh 
et al., 2009 

Hypertension Increase in Firmicutes-to-
Bacteroidetes ratio  

Yang et al., 2015 

Depression Increase in Eggerthella, 
Holdemania and others.  

Kelly et al., 2016 

Colorectal Cancer Increase in Bacteroides 
decrease in butyrate-producing 
Faecalibacterium 

Wang et al., 2012; Wu et al., 
2018 

 

In many cases, the biological hypothesis supporting these associations lies within 

the interaction of these microbial taxa to the gut immune environment. In the case of 

inflammatory bowel disease, the outlined microbial shifts would indicate a decrease in 

butyrate-producing bacteria. Colonocytes, the epithelial cells found in the colon, use 

butyrate as a fuel source. Without their fuel source, they cannot properly consume 

oxygen, and this can lead to an unfavourable environment for the commensal bacteria 

found in the gut (Litvak et al., 2018). Furthermore, proper gut barrier function and anti-

inflammatory responses require butyrate (Donohoe et al., 2011). The biological 

hypothesis for colorectal cancer is also based on butyrate production from the 

microbiota. Without sufficient butyrate, there is less protection against oxidative stress 

and a diminished capacity to induce apoptosis in DNA-damaged cells (Wang et al., 
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2012). When reviewing the literature, disease associations are established 

predominantly in adult cohorts. Research outlining potential interactions between gut 

microbial taxa and diseases in infants and children is limited. Furthermore, the potential 

longitudinal impact of early gut microbial dysbiosis remains unknown. To fill this 

knowledge gap, more longitudinal cohort studies are needed to collect microbiome and 

health data at various time points throughout a subject's life. 

The manifestation of a disease is often a hallmark of microbial dysbiosis. In 

contrast to a healthy gut microbiome, microbial dysbiosis is a state that is often defined 

as an imbalance in the gut microbiome – in particular, an imbalance that inhibits an 

individual's ability to thrive in their environment, usually due to some disease (Messer & 

Chang, 2018). Notably, the identified shift differs from expected development, 

particularly in children where rapid changes are already expected. There are many ways 

researchers have tried to quantify and characterize microbial dysbiosis. One of those 

ways is using ratios of the different taxon concerning a specific disease state. Using 

ratios is a common practice when the sequencing data is already available due to its 

computational simplicity (Wei et al., 2021). Common measures of microbial dysbiosis 

include the Enterobacteriaceae-to-Bacteroidaceae (EB) ratio for a family level 

comparison or the Firmicutes-to-Bacteroidetes (FB) for a phylum level comparison (Ley 

et al., 2006). The FB ratio has been positively correlated with obesity, in both human 

adult cohorts and mouse models (Magne et al., 2020). The EB ratio has been positively 

correlated with atopic sensitization in infants (Azad et al., 2015). Identifying indicators of 

microbial dysbiosis is vital as they can be used to help predict and prevent adverse 

health outcomes. These ratios have been established in adult cohorts, with little data 

available on whether these trends would also be found in infant gut microbiomes, 

particularly for the FB ratio as there is current work in the CHILD Cohort Study that has 

looked at EB ratios (Azad et al., 2015, Mange et al., 2020). The validity of these ratios is 

still being established as there have been conflicting results when comparing these 

correlations in different age groups and geographic regions (Houtman et al., 2022). 

1.4. The Gut Microbiota and Medication Use 

Many established relationships between medication use and the gut microbiome 

have focused on adult cohorts. Most of the commonly used medications have been 

investigated in some capacity. For example, adult ibuprofen and celecoxib users have 
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been found to have increased Acidaminococcaceae and Enterobacteriaceae in their gut 

microbiota (Rogers & Aronoff, 2016). Several cohorts have also identified changes in gut 

microbial abundance associated with using proton pump inhibitors (Imhann et al., 2017). 

Gut microbiota changes related to medication use are not insignificant and may have 

long-lasting impacts on the health trajectories of adults, despite their more well-

established gut microbiota populations. 

 Even in infants, there is some evidence that medication practices have long-

lasting impacts. A study by Patrick et al., as part of the CHILD Cohort Study, is helping 

to address the need for more longitudinal studies to evaluate the impact of lifestyle on 

the development of the gut microbiota. This study found that increased antibiotic use in 

infancy was associated with the development of asthma, with the diversity of the gut 

microbiome being a potential modulator for this change (Patrick et al., 2020). An 

increase in non-antibiotic medications, such as vitamin D, has also been associated with 

an increase in gut Bifidobacterium and gut Lachnospiraceae in both infants and mothers 

(Kassem et al., 2020; Talsness et al., 2017).  

1.5. Medication Use in Early Life 

There are few regulations and recommendations in Canada surrounding specific 

medication use in infants under one year. Notable exceptions to this are the use of 

acetaminophen and vitamin D. For analgesics, it is recommended that acetaminophen 

be used as opposed to ibuprofen because acetaminophen use in infants has reported 

fewer adverse side effects. However, even though acetaminophen is the preferred 

option, there are still official guidelines for proper usage according to the infants' weight 

(Government of Canada, 2016). For Vitamin D, it is recommended that all infants get 

400 IU per day of vitamin D to ensure proper bone development (Canadian Pediatrics 

Society, 2007). As an entire class, the use of antibiotics for all age groups has seen 

massive changes in regulations to mitigate risks of antimicrobial resistance (Lee et al., 

2014; Marra et al., 2007). 

However, antibiotics are still an incredibly prevalent class of medications in the 

infant population. A US study found amoxicillin to be the most prevalent prescription 

drug used in infants aged 0-1y (Olson & Mandl, 2012). However, there is evidence that 

the overall prevalence of amoxicillin and antibiotic use, in general, is decreasing. 
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Medications to treat respiratory issues, such as inhaled corticosteroids or albuterol, have 

also decreased (Hales et al., 2018). It is much easier to track the usage of prescription 

medications in these populations as there are records that exist. The same cannot be 

said for medications available over the counter (OTC). This is a problem that the CHILD 

Cohort Study is well placed to address, as they have collected information surrounding 

OTC and prescription health products. Some of the work being done to address this 

problem is outlined in Chapter 2.  

1.6. The CHILD Cohort Study 

The CHILD Cohort Study is a multidisciplinary, population-based longitudinal 

cohort study of healthy infants, with study centres in Vancouver, Edmonton, Winnipeg, 

and Toronto. The initial goal of the CHILD Cohort Study was to identify early life 

microbiome-based biomarkers and environmental exposures that predict asthma and 

inflammatory disease, but it has since expanded to study a more diverse array of infant 

and child health outcomes. Between 2009 and 2012, the CHILD Cohort Study recruited 

3624 pregnant mothers in their second or third trimester. Ultimately, only 3542 infants 

were included in the study at one year because families became ineligible after 

recruitment. The subject would be ineligible for the CHILD Cohort Study if one or more of 

the following conditions were met: pregnancy via in vitro fertilization, miscarriage, 

premature birth (<35 weeks), multiple births, fetal death, or any other exception 

complications or abnormalities. A breakdown of CHILD Cohort Study demographics, 

which are approximately equal to the national averages, can be seen in Table 1.3 

(Subbarao et al., 2015).  



11 

Table 1.3. Demographics of CHILD cohort participants. Demographics are 
reported as n (%) unless otherwise specified. The total sample size 
for the demographic collection was 3542 families. Families were 
recruited from 2008-2012, any families that became ineligible after 
recruitment are not reported in this summary. 

Family Demographics    

Mean Gestational age in weeks 
at enrolment (SD) 

26.7(6.3)  

Older Siblings in the home (%) 48.3  

Parental Demographics  Maternal  Paternal  

Mean age in years (SD) 32.3(4.7) 33.8(5.6) 

Reported ethnicity    

White Caucasian  2532(72.9) 2536 (73.7) 

South East Asian  428 (12.3)  343 (10.0) 

South Asian  91 (2.6) 106 (3.1) 

First Nations 177 (5.1) 145 (4.2) 

Black 77 (2.2) 110 (3.2) 

Other 161 (4.6) 174 (5.1) 

Unknown 6 (0.2) 29 (0.8) 

Education    

High School or Less 295 (8.7) 502 (14.7) 

College or university 2443 (72.2) 2151 (63.1) 

Postgraduate education 647 (19.1)  756 (22.2) 

 

Researchers have collected >47 million data points from 3263 children at nine 

time points from birth to 8 years (Subbarao et al., 2015). The data collected by the 

CHILD Cohort Study can be broadly classified into questionnaires, tests and samples. A 

breakdown of these, along with the time points at which they were collected, can be 

seen in Figure 1.4. The method of collection can differ depending on the information in 

question. Most questionnaires were self-completed, while a trained research assistant 

conducted the environmental assessments in person when the child was 3-4. 

Information about the delivery of the infant was collected via hospital records. For 

samples, in particular those relating to the microbiome, muconium and stool samples 

were collected to assess the gut microbiome of the infants, as stool collection is a 

common method for gut microbiome studies. While some participants have been lost 

over the years, the CHILD Cohort Study reports a retention rate of over 90% (Subbarao 

et al., 2015).  
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Figure 1.4.  Breakdown of CHILD study data collected from 18 Weeks Prenatal to 
age 5. Questionnaires are indicated along the rows in pink, tests in 
green and samples in orange. A checkmark in the box indicates that 
the specified type of information was collected at the timepoint 
displayed along the top. Any box coloured in green indicates the 
information was only collected in Vancouver. If a box is coloured in 
orange, the information was only collected in Toronto, and if the box 
is coloured in blue, then the information was only collected in 
Winnipeg.  

To access data from the CHILD Cohort Study, users can register and explore 

data through CHILDdb. Through this portal, users can explore and select certain 

variables of interest and request that the complete data be made available for research 

purposes. Requests for data access are approved by the CHILD Cohort Study 
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administration after reviewing research, ethics and funding statements submitted via the 

portal. This database ensures that a diverse array of researchers can access and 

analyze this high-quality data (CHILDdb, n.d.).  

1.7. Thesis Aims 

My goal is to examine the impacts of medication practices on infant microbial 

dysbiosis and associated child outcomes. The CHILD Cohort Study has collected data 

on the medications used and self-reported reasons for use. I hypothesize that by 

integrating these data and the diverse data integrated into CHILDdb, I can identify 

medication use patterns associated with infant dysbiosis. However, much of these data, 

particularly the free-text descriptions of reasons for medication use, is unstandardized, 

making a systematic, accurate analysis difficult. Also, visualization of these complex 

data is non-trivial as traditional approaches do not scale to the diversity and number of 

variables we have. To address these issues and investigate my hypothesis, the following 

aims were completed and are described in this thesis.  

The first aim described in Chapter 2 is to integrate and apply standardized 

vocabulary for medication use in CHILDdb. The second aim, described in Chapter 3, is 

to develop software for globe-based visualization analysis of correlation datasets. The 

outputs from Aims 1 and 2 are utilized in Aim 3 to correlate medication use profiles with 

patterns of microbiota development. Aim 3 is described in Chapters 4 and 5. Chapter 4 

covers the creation of machine learning models for determining variables associated 

with microbial dysbiosis. Chapter 5 is a more in-depth investigation into variables of 

interest identified through the machine learning models described in Chapter 4. A 

discussion surrounding my conclusions and the future direction of this work is given in 

Chapter 6.  
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Chapter 2.  
 
Applying Standardized Vocabulary for Medication 
Use Data in CHILDdb 

This chapter aims to review the addition of standardized terms for reasons for 

medication use in the CHILD cohort and how this addition allows for more accurate and 

sophisticated analyses. Free text reasons for medication use were collected by other 

members of the CHILD Cohort Study. I lead the curation effort for the standardized 

terms using ontologies, the process of which is outlined in Section 2.3. Following the 

curation, I performed several analyses to show the utility of the standardized reasons for 

medication use data in the context of the CHILD Cohort Study. Section 2.4 outlines 

these analyses. The manuscript “From prescription drugs to natural health products: 

Medication use in Canadian infants”, by Bédard et al., describing medication use in the 

first year of life has been submitted to Children. The manuscript “The use of prescription 

medications and non- prescription health products by breastfeeding mothers in a 

prospective cohort study”, by Soliman et al., has been submitted to Breastfeeding 

Medicine. I am a co-author on both manuscripts.  

I completed all work presented in this chapter with the following exceptions. The 

data collection was done from 2009-2017 by research assistants in the CHILD Cohort 

Study. I lead the manual curation effort. In addition to my manual curation, I coordinated  

additional curation by members of the Brinkman Lab, particularly Natalie Kumpula and 

Thorne Matthews.  

2.1. Abstract  

Medication habits in Canadian infants remain poorly characterized. The CHILD 

Cohort Study has collected data describing medication use and reasons for medication 

use for prescription, OTC and natural health products. However, the reasons for 

medication use data requires standardization before it can be appropriately analyzed. I 

hypothesized that by developing and applying an approach for assigning ontologies to 

reasons for medication use, I could perform analyses not previously possible that could 

provide new insights into medication use. This standardization can be completed using 
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curated ontologies. I led the ontology curation effort of 64817 entries of reasons for 

medication use. Employing automated and manual approaches, 99.4% of terms in the 

dataset were standardized. Using these standardized terms, I found evidence of off-label 

medication use in mothers using domperidone. I also identified teething and general 

discomfort as the top reasons for OTC medication use in infants. This landmark dataset 

will be available to a larger pool of researchers via the CHILD Cohort Study database. 

With this data, researchers can conduct streamlined analyses to improve the 

understanding of infant medication use in Canada. I also further apply this dataset in 

Chapters 4 and 5.  

2.2. Introduction 

There is limited existing literature describing the use of medications in children, 

particularly children under three years of age. Furthermore, the investigation into 

children's medication use tends to focus on prescription medication instead of OTC 

medication (Servais et al., 2021). This is likely due to the inherent trait that OTC 

medications are available without prescription and can be obtained by parents at any 

time, making it challenging to track consumption. Collecting information from parents 

about how often and why they choose to give medications to their children is essential 

for a better understanding of medication practices in Canada. Collecting data on reasons 

for use would help identify differences in health knowledge, literacy and perceived risk 

differences in groups of parents and how that could impact their children (Anderson et 

al., 2013).  

The CHILD Cohort Study has collected information describing reasons for 

medication use in OTC, prescription medications, and natural health products. However, 

the information was collected as free-text responses where parents could write in 

whatever answer they felt was appropriate. Free text responses have several issues that 

make subsequent analyses difficult. Free text responses can be full of typos and 

synonyms, making summarization difficult. Depending on the context, respondents with 

domain knowledge might respond to a question using specific jargon instead of lay 

terms. 

A solution is to map the free-text terms to an ontology. An ontology covers a 

specific domain of information and contains entities with unique identifiers and 
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descriptions. Furthermore, an ontology contains formal definitions that can be read by 

specialized computer programs to facilitate analyses (Hoehndorf et al., 2015). 

Ontologies exist in an encoded, hierarchical structure. An example of this structure can 

be seen in Figure 2.1 (Schriml et al., 2019). This hierarchical structure can help 

downstream researchers do searches and summaries at different levels of specificity 

depending on their research question. Integrating ontologies on a large scale can also 

facilitate large, cross-cohort analyses that would not be possible otherwise (Kourou et 

al., 2019).  

 

Figure 2.1.  Example of Hierarchical structure of Ontology. Example is from the 
Human Disease Ontology (DOID) when looking at the structure on 
the Ontology Lookup Service repository maintained by the 
European Bioinformatics Institute. In this image, the progression 
from disease to disease of anatomical entity to cardiovascular 
system to autoimmune disease of cardiovascular system is shown. 
The Schmril Lab maintains DOID at the University of Maryland.  
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2.3. Methods 

2.3.1. Data collection 

CHILD Cohort participants were asked to indicate medications taken at the 

following time points: 18 weeks prenatal, Birth, 3 Months, 6 Months, 1 Year, 18 Months, 

2 Years, 2.5 Years, 3 Years, 4 Years, and 5 Years. Both the mother and infants’ 

information were collected from the 18 weeks prenatal to 1 year. After 1 year, 

information was only collected for the child. The questions did not ask for total 

medication at each time point, but the medications taken since the last survey. For 

example, the 6-month questionnaire would ask for all medications taken in between the 

three-month and 6-month questionnaire. This would reduce the chance of duplicate 

entries for the same medication for the same subject. For the birth and prenatal 

questionnaires, data was also collected for the mother's medication use. Maternal and 

infant entries are marked with the same subject ID. However, a field is available to filter 

by mother or infant for downstream analyses. After supplying the name of the medication 

taken, participants were also given the option to explain the reason for medication use. 

This answer was given as a free text response, meaning that the participant could write 

the answer they felt was appropriate. There were no drop-down menus or checkboxes 

with pre-set options.  

2.3.2. Selection of Ontologies 

A total of 64 817 total entries were supplied for the reasons for medication use 

questions taken from the previously specified timepoints. When summarizing for unique 

answers, this left 4424 distinct free-text responses. A major problem in this set is the 

number of misspellings. For example, 21 of the 4424 unique terms are different spellings 

of the word "hypothyroidism". Another issue is the level of specificity used by the 

respondents. For example, some participants would supply the answer "eczema," 

whereas others would supply the answer "eczema on face". In the dataset, there are 23 

different references to eczema (with various spellings) at different levels of specificity. 

There are many different ontologies covering different scopes of information. 

When looking to standardize data, one must decide on the most suitable. It is best to use 

a limited number of ontologies to take advantage of the hierarchical structure encoded in 
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the ontology. If one were to select only specific terms from multiple different ontologies, 

this might lose the relational nature of the terms if the different ontologies have not been 

mapped to each other by the developers themselves. In this context, mapping refers to 

association of terms in one ontology as equivalent to another. The ontologies chosen for 

this project were the Human Disease Ontology (DOID), Symptom Ontology (SYMP), 

Human Phenotype Ontology (HPO), Adverse Event Ontology(OAE) and National Cancer 

Institute thesaurus ontology (NCIT) (He et al., 2014; Köhler et al., 2017; Schriml et al., 

2019; Sioutos et al., 2007). Several ontologies had to be used in this case to account for 

the wide variety of medication uses. Human Disease ontology would be used when a 

subject medicated for a specific disease, such as the common cold. This contrasts with 

medicating for something like swelling, which would find its term in the Symptom 

Ontology. Various allergies such as pet dander or shellfish would be found in the Human 

Phenotype ontology. Events such as bone breaks or muscle sprains would fall into the 

Adverse Event Ontology. Very general reasons for use (i.e. just indicating "bladder" or 

"head") would be covered by the National Cancer Institute Thesaurus.  

2.3.3. Pre-Processing and Curation 

Before starting the process of curating ontologies, all 4424 unique terms were put 

through a basic spell check and clustering algorithm using OpenRefine. This would 

remove small spelling errors ("hypothyroidims" would be corrected to "hypothyroidism") 

and cluster similar phrases together ("neck ache" and "neck aches" would become one 

term, "neck ache"). An example of the whole process can be seen in Table 2.2. This 

process resulted in 3551 unique terms. These terms would go through the ontology 

curation process and then be mapped back to their original free text entries.  

Automatic curation of the ontologies was performed using the Python Module, 

Ontoma, which contains a wrapper for the Ontology Lookup Service tool, Zooma 

(ZOOMA, 2013/2022). Each corrected term would be searched against all 5 ontologies 

outlined in Section 2.3.1. As the output, I received the suggested term from each 

ontology, its unique ID and definition. In addition, the terms from each ontology were 

ranked from 1 to 5, with 1 being the most likely/best match according to the search 

algorithm and five being the least likely. Since I asked for multiple output options for 

each input term, this resulted in approximately 18,300 terms that required manual 

validation. To reduce the load on the curators, if any of the terms were an exact string 
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match, it was recorded as a match and would not require further validation. For example, 

both the input term and the curated terms were “asthma”. After this, automatic curation 

was completed. Curators were asked to assign one of 4 classifications to each of the 

terms. Classifications and examples can be seen in Table 2.1. After the first pass with 

this classification system, the terms were reshuffled and given to new curators, and the 

procedure was repeated. This was done to ensure that multiple people assessed the 

curated terms for validity and reduce the chances of introducing human error.  

Table 2.1  Explanation of classification system used for evaluation of 
automatic ontology curation done by the Python Module Ontoma. 
Classifications were manually assigned to terms by curators. The 
specified classification is shown, along with a definition and 
example where the classification would be appropriate.  

Rank Definition 

Example 

Free Text Ontology 

Match  
the assigned term was an appropriate term for the 

free text entry 
Yeast infection Candidiasis 

No 
match  

the assigned term was a not an appropriate term 
for the free text entry 

Antibiotics in 
pregnancy 

Oligohydramnios 

Child 
free-text term was more specific than the assigned 

ontology 
Shellfish 
allergy 

Allergy  

Parent 
free-text term was less specific than the ontology 

term 
Pain Leg pain  

 

Any terms classified as a match after the second round of classification were 

removed from the curation process, as they were declared suitable standardized terms. 

Within an ontology structure, there are "parent" and "child" terms that are either above or 

below a term, respectively. For example, in Figure 2.1 “autoimmune cardiomyopathy” 

would be considered a child term of the parent term “autoimmune diseases of the 

cardiovascular system”. For any terms classified as "parent" or "child" by the curators, 

another automatic curation was run with Ontoma. This time telling the program to either 

be more specific with any terms classified as "child" or telling the program to be more 

general with any terms classified as "parent". If no suitable term was found, those terms 

would be manually curated using the Ontology Lookup Service and all the terms labelled 
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"no match". The breakdown of matches, no matches, parent and child terms can be 

seen in Figure 2.2.  

 

Figure 2.2. Breakdown of results from automatic curation after the first round of 
manual validation. As multiple options were provided for each input 
term, some terms had a combination results. Following this 
procedure, the 1237 terms with no match would go on to manual 
curation. 

There were cases where multiple suitable terms were found for the free text 

entries. For example, the term "nausea" is present in the NCIT, SYMP and HP ontology. 

In these cases, one term would be chosen, and the term and unique ID added to the 

dataset. However, all appropriate records were stored in another field for mapping 

applications later. After a check to ensure as many terms as possible had an appropriate 

term, and all were in the format of "term; ID," the new standardized terms were added to 

the dataset. After curation, the 4424 unique, uncleaned terms were reduced to 2412 

standardized terms.  
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Table 2.2.  Example of Curation Process on Synthetic Dataset. Starting on the 
left, the original entry can be seen in the first column, then the data 
split by delimiters can be seen in the second column. The cluster 
results from OpenRefine can be seen in the third column. The fourth 
column contains the result assigned from Ontoma. The fifth column, 
or right-hand column, contains the final standardized term. The final 
column indicates whether this term resulted from automatic 
(headache, infection, pneumonia) or manual curation (teething, rash, 
candidiasis). 

Free Text 
Entry   

Reason 
for Use 
Split  

Reason 
for Use 
Cluster 

Ontology Term After 
Automatic Search 

Ontology Term after 
Validation 

Curation 
Type  

Teething 
and 
headache 

Teething  teething No Match  Teething Syndrome; 
NCIT_C35063 

Manual  

headache headache Headache;HP_0002315 Headache; 
HP_0002315 

Automatic 

Infection infection infection Infection;NCIT_C128320 Infection; 
NCIT_C128320 

Automatic 

Rash, 
yeast 
infection 

Rash  rash Exanthem;DOID_0050486 Rash; SYMP_0000487 Manual 

Yeast 
infection 

Yeast 
infection  

Infection;NCIT_C128320 candidiasis; 
DOID_1508 

Manual 

Pnumonia Pnumonia  pneumonia Pneumonia;DOID_552 Pneumonia; DOID_552 Automatic 

Head 
ache 

Head 
ache  

headache Headache;HP_0002315 Headache; 
HP_0002315 

Automatic 

 

2.4. Results and Discussion 

2.4.1. Comparison of Top Reasons for Use with and Without Ontology  

The primary goal of applying ontologies to the reasons for medication use 

dataset was to create a clean dataset that would help facilitate more streamlined 

analyses. Out of the 64 817 original entries of reasons for medication use, 99.4% of the 

terms were successfully standardized. A basic comparison of the top 25 reasons for 

medication use with and without ontology can be seen in Table 2.3. While many 

indications remain consistent between the two groups, there were changes in the sum 

totals of each reported indication, which changed their respective rankings  for most 

common reasons for medication use when comparing before versus after 

standardization.  
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It is not surprising that fever, the common cold, and teething are the most 

common reasons for medication use in this dataset. All indications are common and, in 

the case of teething, a natural part of development. As noted, the components of these 

top 25 lists remain fairly consistent. However, recorded occurrences have increased for 

the same or synonymous terms. This can be seen to a smaller degree when comparing 

mother’s contraception use with (905 occurrences) and without (884 occurrences). To a 

larger degree, this is seen when comparing yeast infection (both infant and mother’s) 

without ontology (513 occurrences) to the term candidiasis (1205 occurrences) with 

ontology. These standardized terms will make it easier for downstream researchers to 

investigate and determine more accurate sample sizes for future projects. 
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Table 2.3.  Comparison of top 25 reasons for medication use for subjects in the 
CHILD Cohort Study from 18 Weeks prenatal to 5 years with and 
without the addition of standardized ontology terms. In the first 
column, the rank in the dataset can be seen, in the second and third 
column, the reason for use and the number of occurrences when 
using ontology is shown. The fourth and fifth columns show the 
reason for use and the number of occurrences without using 
ontology. Summaries are for 64,817 total entries for 3243 subjects.  

With Ontology Without Ontology 

Rank Reason Occurrences Rank Reason Occurrences 

1 Fever 9621 1 fever 9491 

2 common cold 5572 2 cold symptoms 5448 

3 Teething Syndrome 4811 3 discomfort from teething 4756 

4 Discomfort 3569 4 ear infection 2874 

5 Ear Infection 2952 5 discomfort 2282 

6 Headache 1527 6 eczema 1290 

7 Pain 1390 7 vitamin supplement 1282 

8 Asthma 1377 8 headaches 1280 

9 Eczema 1346 9 asthma 1230 

10 Dietary Supplement 1286 10 pain 1141 

11 Candidiasis 1205 11 discomfort from vaccinations 950 

12 Allergic Reaction 1117 12 allergy symptoms 898 

13 Skin Rash 1091 13 contraception 884 

14 Contraception 905 14 diaper rash 858 

15 Diaper Dermatitis 882 15 heartburn 792 

16 Heartburn 827 16 nausea 764 

17 Nausea 771 17 hypothyroidism 641 

18 Hypothyroidism 711 18 skin rash 641 

19 Infection 687 19 depression 574 

20 Cough 595 20 nausea and vomiting 538 

21 Depression 591 21 acid reflux 520 

22 Nausea and Vomiting 554 22 yeast infection 513 

23 Have Acid Reflux 525 23 infection 495 

24 Wheezing 516 24 trouble breathing 475 

25 Urinary Tract 
Infection 

491 25 flu symptoms 448 

 

Finally, there are some free text medication entries that did not have any suitable 

standardized terms. This occurred when there was insufficient information available in 
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the free text entry to be confident in an appropriate standard term. For example, the 

reason "48 hours only to rule out sepsis" does not indicate whether the subject had 

anything wrong with them. The terms "Preventative Intervention" and "Sepsis" may apply 

here, but in this process, borderline cases were left blank to avoid assuming information 

not in evidence. However, there were only 0.6% of the unique free text entries that were 

without a standardized term at the end of this process, so the missing data should be 

noted but will not have major impacts on the broader applications of this data, including 

the analyses to be outlined in Chapters 4 and 5.  

2.4.2. Medication use in Breastfeeding Mothers 

The breastfeeding habits of Canadian mothers are being studied by Dr. Lauren 

Kelly and her research group as part of the CHILD Cohort Study. When analyzing the 

medication usage in breastfeeding and non-breastfeeding mothers in the first year of life, 

I was able to provide reasons for medication use for each group for the top 10 

medications taken by breastfeeding mothers at three months, six months and 12 

months. The breakdown for the top medications at each time point can be seen in Figure 

2.3, Figure 2.4 and, Figure 2.5 and the reasons for medication use can be seen in Table 

2.4, Table 2.5 and, Table 2.6. 
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Figure 2.3. The top 10 most frequently used prescription medications by 
mothers while breastfeeding at three months (n=2540) compared to 
non-breastfeeding mothers at three months (n=366). The percentage 
of mothers that reported taking medication is shown on the x-axis, 
and the medication is shown on the y. Breastfeeding Women are 
shown in red, while non-breastfeeding women are shown in blue. 
The percentage for each medication is shown to the right of the 
bars. Summaries completed by Soliman et al. (Submitted to 
Breastfeeding Medicine).  
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Table 2.4.  Ten most common prescription medications used by mothers while 
breastfeeding at three months (n=2540) compared to non-
breastfeeding mothers (n=366) with the most common reasons for 
medication use in the CHILD Cohort Study. The status of 
breastfeeding vs non-breastfeeding was determined as outlined in 
Soliman et al. (Submitted to Breastfeeding Medicine). 

 Breastfeeding Mothers 

n=2540 

Non-Breastfeeding 
Mothers 

n=366 

Prescription Medication Reported Reason for 
Use* 

Mothers 
that used 
medication 
for 
specified 
reason. 

Reported 
Reason for 
Use* 

Mothers 
that used 
medication 
for 
specified 
reason. 

  %  % 

domperidone Lactation Disorder  97.25 Lactation 
Disorder 

100 

Gastroesophageal 
Reflux  

1.38 

norethisterone Contraception  99.22 Contraception 100 

levothyroxine Hypothyroidism 97.22 Hypothyroidism 88.89 

cephalexin Reason Not Given  71.91 Reason Not 
Given 

100 

Mastitis  14.61 

Infection  4.49 

amoxicillin Infection  16.92 Reason Not 
Given 

100 

Urinary Tract Infection  10.77 

Bladder Infection  10.77 

Mastitis  9.23 

salbutamol Asthma 79.25 Asthma 70 

Chest Infection  3.77 Bronchitis 20 

betamethasone;clotrimazole; 

miconazole;mupirocin 

Reason Not Given  95.92 Reason Not 
Given 

100 

antibacterial drug name unknown Reason Not Given  100 

cloxacillin Mastitis  52.94 Reason Not 
Given 

100 

Infection  23.53 

Infection at Incision Site  5.88 

nystatin Candidiasis Prevention  42.42 Reason Not 
Given 

100 

Candidiasis Infection  18.18 

Fungal Infection  15.15 

Nipple Abnormality  9.09 
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Figure 2.4.  The top 10 most frequently used prescription medications by 
mothers while breastfeeding at six months (n=1948) compared to 
non-breastfeeding mothers at six months (n=639). The percentage of 
mothers that reported taking medication is shown on the x-axis, and 
the medication is shown on the y. Breastfeeding Women are shown 
in red, while non-breastfeeding women are shown in blue. The 
percentage for each medication is shown to the right of the bars. 
Summaries completed as outlined in Soliman et al. (Submitted to 
Breastfeeding Medicine). 
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Table 2.5.  Ten most common prescription medications used by mothers while 
breastfeeding at six months (n=1948) compared to non-
breastfeeding mothers (n= 639) with the most common reasons for 
medication use in the CHILD Cohort Study. The status of 
breastfeeding vs non-breastfeeding was determined as outlined in 
Soliman et al. (Submitted to Breastfeeding Medicine).  

 Breastfeeding Mothers 

n=1948 

Non-Breastfeeding Mothers 

n=639 

Prescription Medication Reported Reason 
for Use* 

Mothers 
that used 

medication 
for 

specified 
reason 

Reported 
Reason for Use* 

Mothers 
that used 

medication 
for 

specified 
reason   

%  % 

Domperidone Lactation Disorder 98.15 Lactation 
Disorder 

88.89 

Norethisterone Contraception 100 Contraception 100 

Levothyroxine Hypothyroidism 97.44 Hypothyroidism 88 

Amoxicillin Sinusitis 21.43 Reason Not 
Given 

100 

Urinary Tract 
Infection 

10.71 

Pharyngitis 10.71 

Respiratory Tract 
Infection 

7.14 

Ear Infection 7.14 

Citalopram Depression 77.78 Depression 81.82 

Anxiety 37.04 Anxiety 36.36 

Salbutamol Asthma 80.77 Asthma 88.89 

Cephalexin Reason Not Given  88.89 Reason Not 
Given 

100 

Antibacterial Drug Name 
Unknown 

Reason Not Given  100 Reason Not 
Given 

100 

Sertraline Depression 58.82 Depression 88.89 

Anxiety 41.18 Anxiety 33.33 

Postpartum 
Depression 

11.76 

Hydrocortisone Eczema 38.46 Reason Not 
Given 

100 

Dermatitis 15.38 
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Figure 2.5. The top 10 most frequently used prescription medications by 
mothers while breastfeeding at 12 months (n=1180) compared to 
non-breastfeeding mothers at 12 months (n=1413). The percentage 
of mothers that reported taking medication is shown on the x-axis, 
and the medication is shown on the y. Breastfeeding Women are 
shown in red, while non-breastfeeding women are shown in blue. 
The percentage for each medication is shown to the right of the 
bars. Summaries completed as outlined in Soliman et al. (Submitted 
to Breastfeeding Medicine). 
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Table 2.6.  Ten most common prescription medications used by mothers while 
breastfeeding at 12 months (n=1180) compared to non-breastfeeding 
mothers (n=1413) with the most common reasons for medication 
use in the CHILD Cohort Study. The status of breastfeeding vs non-
breastfeeding was determined as outlined in Soliman et al. 
(Submitted to Breastfeeding Medicine). 

 Breastfeeding Mothers 

n=1180 

Non-Breastfeeding Mothers 

n=1413 

Prescription Medication Reported Reason for Use* Mothers 
that used 

medication 
for 

specified 
reason 

Reported 
Reason for 

Use* 

Mothers 
that used 

medication 
for 

specified 
reason 

  
%  % 

Norethisterone Contraception 100 Contraception 100 

Levothyroxine Hypothyroidism 97.37 Hypothyroidis
m 

94.29 

Domperidone  Lactation Disorder 86.84 Lactation 
Disorder 

83.33 

Nausea 5.26 

Amoxicillin  Infection 18.92 Infection 18.92 

Ear Infection 16.22 Sinusitis 16.22 

Sinusitis 10.81 Pharyngitis 13.51 

Respiratory Tract Infection 5.41 Ear Infection 8.11 

Salbutamol  Asthma 89.29 Asthma 90.63 

Common Cold 10.71 

Citalopram  Depression 69.57 Depression 90 

Anxiety 43.48 Anxiety 26.67 

Sertraline  Depression 58.82 Depression 76.92 

Anxiety 23.53 Anxiety 15.38 

Betamethasone  Eczema 64.29 Skin Rash  28.57 

Atopic Dermatitis 14.29 Reason Not 
Given 

28.57 

Reason Not Given 14.29 

Antibacterial Drug Pharyngitis 15.38 Urinary Tract 
Infection 

30.77 

Cephalexin Reason Not Given 100 Reason Not 
Given 

100 

 

The integration of the standardized terms for medication use seen in Table 2.4, 

Table 2.5 and Table 2.6 facilitates some novel conclusions, specifically around using 

domperidone. Domperidone accounts for a large proportion of the medication use in 
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both breastfeeding and non-breastfeeding mothers. Domperidone is usually prescribed 

as an antiemetic used to treat gastrointestinal upsets. However, it can also be used off-

label to help with lactation disorders. Table 2.7 shows how, by using the new curated 

reasons for medication use, provides evidence that mothers in the CHILD Cohort Study 

are using the drug outside the approved recommendations to treat lactation disorders. 

Comparing both groups, we see that both breastfeeding and non-breastfeeding 

mothers use domperidone to combat lactation disorders. This suggests that the mothers 

classified as non-breastfeeding at a given time point are using medication to improve 

their chances of breastfeeding success. This provides novel insight into the motivations 

and decisions that go into the choice to breastfeed. Seeing a medication to improve 

lactation being frequently used in a non-breastfeeding group would indicate that the 

group is motivated to breastfeed but is inhibited by ability rather than making the active 

choice to not breastfeed their infant. 

  



32 

Table 2.7. Medication Reasons For Use for Breastfeeding (N=218) and Non-Breastfeeding (n=44) Mothers that Report 
using domperidone. Columns on the left are the summary results when using the standardized terms, 
columns on the left are the summary results when using the uncorrected free-text data. The status of 
breastfeeding vs non-breastfeeding was determined by Soliman et al. (Submitted to Breastfeeding Medicine).  

With Ontology Without Ontology 

Breastfeeding Mothers Non-Breastfeeding Mothers  Breastfeeding Mothers Non-Breastfeeding Mothers 

Reported 
Reason for Use 

Mothers that 
used 
medication 
for specified 
reason 

Reported 
Reason for 
Use 

Mothers that 
used 
medication 
for specified 
reason 

Reported reason for use Mothers that 
used 
medication 
for specified 
reason 

Reported 
Reason for 
Use 

Mothers that 
used 
medication 
for specified 
reason 

 

% 

 

% 

 

% 

 

% 

Lactation Disorder 97.25 Lactation 
Disorder 

100 increase breast milk 73.39 increase 
breast milk 

70.45 

increase breastmilk 16.97 

increase milk production 2.29 

increase breast milk supply 0.92 

increase breat milk 0.46 increase 
breastmilk 

22.73 

increse breastmilk 0.46 

increase breastfiding 0.46 

milk production 0.46 

Gastroesophogeal 
Reflux 

1.38 increase brest milk 0.46 increased 
breast milk 

4.55 

increased breastmilk 0.46 

lactation aid 0.46 

increase breast milk production 0.46 

acid reflux 1.38 increase 
breask milk 

2.27 
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2.4.3. Medication Use in First Year of Life  

Medication use in the first year of life was the major focus of a CHILD Cohort 

Study project led by Pascale Bédard. When looking at the top medications taken by the 

infant in the first year of life, I was able to supply the reason for medication use for these 

top medications. An excerpt of these results can be seen in Table 2.8. The table shows 

that the top medications are vitamin D, acetaminophen, ibuprofen, hydrocortisone, and 

amoxicillin. While no novel associations between medication use and reason for use 

were noted here, by integrating the reasons for medication use for OTC medications, we 

now have a dataset that can help establish trends in health literacy by comparing 

parents' justifications to recommended guidelines. The addition of the standardized 

reason for medication use data allowed for a comparison of medication practices for 

Canadian infants with infant cohorts from other geographic areas. For example, this 

study found that teething symptoms were more often treated with analgesic use than 

natural health products, which aligns with established practices in North America 

(Thompson & Huntington, 2019).  
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Table 2.8.  Prevalence of use of most commonly used pharmaceutical products 
by age. Products are grouped into their respective 1st level ATC 
code: Alimentary tract and metabolism (A), Dermatologicals (D), 
Anti-infectives for systemic use (J), Nervous system (N) and 
Respiratory system (R), or into natural health products (NHP) or 
over-the-counter (OTC) drugs. Medication summaries determined by 
Bedard et al. Reported reasons for use were collected from 
standardized reasons for medication use data. 

Product Type 

Prevalence of use (%) 
Most common 
reported reasons 
for use  

0-3m 4-6m 7-12m 0-12m 

(n=2930) (n=2003) (n=2218) (n=3050) 

Vitamin D ATC 
A 

66.2 56.9 50.1 78.7 Supplement 

Acetaminophen OTC 33.9 49.7 58.7 67.3 Discomfort, teething 

Ibuprofen OTC 2.6 8 23.5 20.4 Discomfort, teething 

Topical 
hydrocortisone 

OTC 5.6 5.2 6.9 11.3 Eczema, rash 

Amoxicillin ATC 
J 

1.2 2.2 11 9.7 Ear infection 

Nystatin ATC 
D 

8.2 1.8 2.2 9.7 Candidiasis 

Simethicone OTC 7.6 2.7 0.6 8.4 Gas 

Gripe water NHP 6.3 2.7 0.9 7.3 Gas 

Topical zinc oxide NHP 4.6 1.6 2.2 6.3 Rash, diaper 
dermatitis Topical clotrimazole OTC 3.2 0.6 1.9 4.6 Rash, diaper 
dermatitis Homeopathic 

teething drops 
NHP 0.7 2.9 3.5 4.5 Discomfort, teething 

Ranitidine OTC 3.7 2.1 0.9 4.2 Gastroesophageal 
reflux Salbutamol ATC 

R 
0.9 1.3 3.2 3.5 Wheezing 

Sodium chloride OTC 1.9 1 1.4 3.2 Nasal congestion 

Homeopathic cold 
drops 

NHP 1 1.1 1.9 2.7 Common cold 

Diphenhydramine OTC 0.1 0.6 2.6 2.3 Allergy 

Topical benzocaine OTC 0.3 1.8 1.3 2.1 Discomfort, teething 

Topical fusidic acid ATC 
D 

1 0.5 0.9 2 Rash 

Topical erythromycin ATC 
D 

1.1 0.3 0.5 1.6 Eye infection 

Lansoprazole ATC 
A 

1 0.9 0.7 1.5 Gastroesophageal 
reflux Dexamethasone ATC 

C 
0.2 0.2 1.7 1.5 Croup 

Topical polymyxin B 
+ gramicidin 

OTC 0.8 0.6 0.6 1.5 Eye infection 

Clarithromycin ATC 
J 

0.1 0.2 1.7 1.4 Bronchitis 

Homeopathic 
teething tablets 

NHP 0.2 1 0.9 1.4 Teething 

Probiotics NHP 1 0.6 0.3 1.4 Intestinal flora 

Fluticasone ATC 
R 

0.2 0.5 1.4 1.3 Wheezing 

Gentian violet OTC 1.4 0.2 0 1.3 Candidiasis 

Moisturizing creams OTC 0.5 0.8 0.4 1.2 Dry skin 

Cephalexin ATC 
J 

0.3 0.3 0.8 1.1 Urinary tract infection, 
skin infection Azithromycin ATC 

J 
0.1 0.2 1.2 1 Ear infection, chest 

infection Topical 
betamethasone 

ATC 
D 

0.3 0.3 0.7 1 Eczema, rash 

Homeopathic colic 
drops 

NHP 0.9 0.3 0.1 1 Gas, colic 

 



35 

2.4.4. Reasons for Hospital Visits 

Another field of information deemed suitable for standardization was the free text 

field "reason for hospital/doctor visit". This free text field would have the same issues 

outlined previously with the reasons for medication use information. In short, there were 

misspellings, synonym use and differences in the level of detail that would make an 

analysis of the raw information difficult. The reasons for medication use data were very 

useful in expediting the process of standardizing these data.  

While very similar, medication use data and reason for hospital visit data have 

some distinct differences in scope. Hospital visit data tend to be more focused on 

adverse events and well-defined illnesses, whereas reasons for medication use are 

more symptom-based and preventative. Therefore, there was some overlap between the 

datasets, and I quickly standardized 533 out of 3161 terms from existing 

standardizations in the reason for medication use dataset. Going through the free text 

entries for reasons for hospital visits and applying standardizations provided some novel 

insights. For example, without standardization, researchers would be unable to capture 

all the incidents of foreign bodies in the noses of infants and toddlers because each one 

is referred to very differently in the free text data. This also provides support for keeping 

both the free text and standardized entry. The standardized term helps summarize and 

search, but the free text entry is useful for gaining more insight into the events that may 

be too specific to have an established ontology term in the database. To demonstrate 

this, a table describing all incidents of objects stuck in the noses of children from birth to 

5 years can be seen in Table 2.9.  
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Table 2.9.  Example application of the standardization of the reason for hospital 
visit dataset. Summary of objects found in noses of subjects when 
looking for the term "Foreign Body" with the anatomical entity of the 
nose in subjects from birth to 5 years. 

Object Free text  Reason For Visit  Anatomy  

Bead put a bead up her nose Foreign Body;NCIT_C34620 nose;UBERON_0000004 

a small bead stuck in her 
nose 

Foreign Body;NCIT_C34620 nose;UBERON_0000004 

Cheerio cheerio stuck in nose Foreign Body;NCIT_C34620 nose;UBERON_0000004 

fluff fluff in her nose Foreign Body;NCIT_C34620 nose;UBERON_0000004 

Lego lego stuck in nose Foreign Body;NCIT_C34620 nose;UBERON_0000004 

lego up her nose Foreign Body;NCIT_C34620 nose;UBERON_0000004 

Nut and 
m&m 

nut and m&m shoved up 
his nose 

Foreign Body;NCIT_C34620 nose;UBERON_0000004 

Paper stuck paper in his nose Foreign Body;NCIT_C34620 nose;UBERON_0000004 

Pea pea stuck up nose Foreign Body;NCIT_C34620 nose;UBERON_0000004 

Popcorn popcorn kernel stuck up 
her nose 

Foreign Body;NCIT_C34620 nose;UBERON_0000004 

Raisin put raisin up nose Foreign Body;NCIT_C34620 nose;UBERON_0000004 

raisin in nose Foreign Body;NCIT_C34620 nose;UBERON_0000004 

rock in nose Foreign Body;NCIT_C34620 nose;UBERON_0000004 

Rock rock stuck in nostril Foreign Body;NCIT_C34620 nose;UBERON_0000004 

rock up her nose Foreign Body;NCIT_C34620 nose;UBERON_0000004 

same rock stuck in nostril Foreign Body;NCIT_C34620 nose;UBERON_0000004 

Trail mix trail mix stuck up nose Foreign Body;NCIT_C34620 nose;UBERON_0000004 

Unknown foreign body nasal Foreign Body;NCIT_C34620 nose;UBERON_0000004 

foreign body removal from 
nose 

Foreign Body;NCIT_C34620 nose;UBERON_0000004 

foreign object in nose Foreign Body;NCIT_C34620 nose;UBERON_0000004 

object in nostril Foreign Body;NCIT_C34620 nose;UBERON_0000004 

Vitamin stuck vitamin up his nose Foreign Body;NCIT_C34620 nose;UBERON_0000004 

 

The reasons for hospital use data were not incorporated into the downstream 

machine learning models outlined later in this thesis since this procedure was carried out 

after the construction of the models and was also considered too granular to be used as 

each separate reason would have to be one-hot-encoded to be used for the model. 

However, these data are being used in other CHILD Cohort projects to study the health 

trajectories of children with the goal of better defining what makes a healthy child, which 

are beyond the scope of this thesis. 
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2.5. Concluding Remarks 

This dataset consisting of 64,817 total entries for 3243 subjects describing their 

reasons for medication use is a landmark dataset. Consisting of prescription, OTC and 

natural health products, this dataset will reveal associations between medications and 

associated reasons for use that were not able to be previously appreciated. Taking on 

the task of standardizing these data has removed the burden from future researchers 

interested in these data and will help them conduct more streamlined and efficient 

analyses.  

Having access to standardized cohort data will also make it easier to harmonize 

data between cohort studies. Harmonized cohort studies are incredibly important as they 

allow for more robust conclusions to be drawn that may not be possible within a single 

cohort. The Common Infrastructure for National Cohorts In Europe, Canada and Africa, 

or CINECA project, is one such group that I have worked with that is focused on making 

data transferable across different cohorts. Their third work package, "Cohort Level 

metadata representation," is focused on the implementation of ontologies to facilitate 

better data sharing on a global scale (Lawson et al., 2021).  

The integration of standardized terms for reasons for medication use will have 

far-reaching applications outside the scope of this thesis project. The CHILD Cohort has 

been working on CHILDdb, a database through which researchers can request CHILD 

Cohort data to investigate their specific research topics. The curated ontology terms will 

be integrated into CHILDdb, and researchers from all over the country will have access 

to these data.  

There are some caveats that must be addressed with these data. The first is 

when discussing the percentage of cohort participants that use medication for a certain 

symptom, we must qualify the statement by saying "X% of participants who provided a 

reason for use" because cohort participants were not required to submit a reason for 

medication use for their reported medications. Therefore, there is a possibility that not all 

reasons for medication use are accounted for due to missing responses. Similarly, if a 

researcher were to use the reasons for medication use data as an indicator of health 

outcomes in a cohort, they would have to specify that these are "medicated health 

outcomes" because if a participant had some adverse health outcome and did not 
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medicate for it, it would not show up in this dataset. However, these caveats do not 

completely negate the utility of this data or undermine its inclusion in the analyses 

outlined in Chapters 4 and 5.  
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Chapter 3.  
 
Globe-Based Visualization of Correlation Datasets 

This chapter explores the creation of a dynamic, interactive tool to aid in the 

visualization of correlation datasets. This visualization tool can be found at globecorr.ca. 

For this tool, I handled the creation and organization of static content (i.e. tutorial and 

FAQ pages, example dataset curation, navigation text). Once the tool was live, I led 

testing out trial versions of software and organizing new user tests. I would then collect 

and direct feedback to the appropriate developers, Mariam Arab or Nolan Woods, who 

wrote the code to generate the visualizations. I led the writing of the manuscript 

describing this tool, with the participation of the other authors, and this manuscript is in 

preparation for submission to Bioinformatics. The functionality of GlobeCorr is outlined in 

Section 3.3, and applications and a comparison of this method to existing correlation 

methods are summarized in Section 3.4. This tool was also used to further analyze data 

in subsequent chapters.  

3.1. Abstract 

In many fields, increasingly complex correlation datasets are being generated. 

This includes omics datasets with associated, diverse categories of metadata. 

Correlations between variables help examine potential confounding factors. Static, 

globe-based visualizations of pairwise correlations have been used to aid statistical 

analyses, but to capitalize on the benefits of dynamic visualizations, GlobeCorr was 

created. GlobeCorr.ca is a web-based application that provides interactive visualization 

and analysis of correlation datasets. Users upload tabular data, and GlobeCorr will 

create a dynamic visualization using ribbons to represent positive and negative 

correlations, optionally grouped by domain/category if required. GlobeCorr provides a 

simple method for users to visualize and identify potential confounders and quickly 

visually summarize complex datasets. This tool applies to a wide range of disciplines 

and domains of interest. 
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3.2. Introduction 

Correlation analysis is a common method used in many different fields of 

research. Visualizing correlations can help identify confounding variables. As more 

complex datasets are being generated, there is a need to expand upon the visualization 

tools available for correlation analysis that will scale well with the large amount of data 

being created, especially in the omics field. The goal of creating GlobeCorr was to 

complement existing strategies, not entirely replace well-established and accepted 

methods. 

Heat maps are a well-established visualization tool for identifying correlated 

variables in large datasets. While they can be highly customizable for users with coding 

experience, the large datasets found in omics studies are laborious and time-consuming 

to analyze using heat maps. Krzywinski et al. created circos plots to organize and 

identify relationships in rich datasets for genomics. 

However, the need for new visualization tools is not limited to genomics. For 

other domains, Patel and Manrai introduced the concept of exposome globes for 

mapping environment-wide associations and visualizing them simply. These static 

globes can be created using the R codes provided by Patel and Manrai. In this case, 

creating correlation globes requires some relatively advanced experience and 

knowledge of R. Even when using the provided code, it can be difficult to understand the 

choices made in the visualization. For example, the domains are arranged to minimize 

crossover in the middle of the globe. This is not immediately evident without reading the 

background information and can lead to confusion. GlobeCorr was created to be an 

accessible platform for researchers to create static and dynamic visualizations for their 

complex datasets without requiring any complex coding experience. 

3.3. Methods 

3.3.1. Website Specifications 

GlobeCorr is a visualization software. It does not perform any statistical analyses 

or store data on its servers and is easily run off-line. This makes it a suitable tool for 

users worried about data security. The web platform for GlobeCorr is written using the 
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Vue framework, and the visualizations are created using the amCharts 4 JavaScript 

library. A diagram of the visualization portal can be seen in Figure 3.1. The major 

elements highlighted in the figure are the website navigation menu, upload box, 

visualization window, and globe options menu. The website navigation menu is used to 

switch between pages such as the FAQ and tutorial. The upload box is where users can 

drag the appropriate csv or click the box to open a dialogue box to select their data. The 

visualization window is where the dynamic globe will appear, and the Globe Options 

menu is where users can personalize the globe and find the export function to create a 

static image. 
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Figure 3.1.  Diagram of GlobeCorr visualization portal as viewed through the Google Chrome browser on a MacBook Pro. 
Important features indicated are the upload box for a users data, the website navigation menu, the 
visualization window where the globe will appear and the Globe Options menu which contains the tools 
needed to customize a visualization. 

This window can be seen at globecorr.ca/globe 
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3.3.2. Visualization Creation  

To generate visualizations, GlobeCorr requires a comma-delimited file with the 

columns containing the following information (in order): variable1, variable1 domain, 

variable2, variable2 domain, correlation coefficient, with the following column headings 

“variable1, var1_domain, variable2, var2_domain, coef”. An example of the format is 

provided in the tutorial at globecorr.ca/tutorial and can also be seen in Table 3.1. 

GlobeCorr uses the PapaPare.js library to read these files.  

Table 3.1.  Example of csv format required for GlobeCorr.ca visualizations. The 
first column indicated the name of the first variable, the second 
column indicates the domain of the first variable, the third column 
indicates the name of the second variable, the fourth column shows 
the domain of the second variable and the fifth column is the 
correlation coefficient associated with the two variables.  

variable1 var1_domain variable2 var2_domain coef 

varU domain1 varI domain2 -0.5041308 

varZ domain3 varR domain1 0.5093516 

varM domain4 varN domain2 -0.7682316 

varZ domain5 varE domain6 0.40976778 

varG domain2 varB domain7 0.50423833 

varP domain2 varT domain3 0.41072329 

varA domain2 varX domain2 -0.420769 

A full version of this table can be found at globecorr.ca/tutorial  

Examples of GlobeCorr visualizations can be seen in Figure 3.2. The arcs 

around the circle's circumference will each have a unique colour and correspond to one 

domain specified in the input file. The default arrangement of the domains around the 

circumference is by size, with the largest domain being first when plotting in a clockwise 

direction. However, there is also the option to organize by the order found in the file. A 

comparison of these two options can be seen in Figure 3.2. Domains describe groups of 

variables all relating to the same type of information. For example, if one was looking at 

the correlations in dietary patterns, all variables relating to vegetable consumption could 

be visualized under the domain “Vegetables”.  
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Figure 3.2.  Example of GlobeCorr diagrams. A sample globe arranging by 
domain size can be seen in panel A, and an example globe arranging 
by order in input file can be seen in panel B. The data being 
vizualized is the example dataset found on GlobeCorr.ca 

 

Domains can also be moved manually by clicking on the domain of interest and 

dragging it to another point on the edge of the circle. Domain and associated 

correlations can be removed entirely from the visualization by clicking the domain. An 

example of this can be seen in Figure 3.3.  



45 

 

Figure 3.3.  Example of GlobeCorr image from Figure 3.2A with domain 4 
removed from the visualization by clicking on the corresponding 
arc. Data used for visualization is the example dataset found on 
GlobeCorr.ca  

The bands going across the circle are coloured according to whether the 

correlation coefficient is positive or negative, and the width of the band corresponds to 

the magnitude. When looking at the dynamic visualization, hovering over the band of 

interest with your mouse will display the associated variables and their coefficients. An 

example of this can be seen in Figure 3.4. To reduce the number of correlation bands in 

the globe, users can specify a correlation threshold using the options in the Globe 

Options menu on the right-hand side of the screen. Users can select a threshold using 

the slider or by typing in a specific value. 



46 

 

Figure 3.4. Example of GlobeCorr image highlighting a correlation ribbon to 
shown variable labels and correlation coefficient. Data used for 
visualization is the example dataset found on GlobeCorr.ca  

For aesthetics, the user can change the font size of the domain labels in the 

Globe Options menu. For colours, the user can only change the colour of the correlation 

bands, not the domains. The positive and negative bands can have their colours 

changed independently to improve visibility and accessibility or match a preferred colour 

scheme for export. Users can also find the options for exporting under the Globe Options 

menu. File formats available for static files are png, svg, jpg, or pdf. Users can save the 

visualization settings (i.e. the domain plot order, correlation threshold and band colours) 

via the copy and paste of a text field that maintains JSON encoded values of the settings 

found in the GlobeCorr Globe options menu.  

3.4. Results and Discussion 

While GlobeCorr was created to help researchers visualize and interact with their 

correlation datasets, it is not meant to replace existing methods for visualization. Instead, 
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the aim is to complement existing methods such as heat maps. To show this 

comparison, Figure 3.5 and Figure 3.6 show the same dataset visualized in a heat map 

and a correlation globe, respectively. 

Unlike heatmaps that will label every variable, GlobeCorr only shows the variable 

labels when hovering over a specific correlation ribbon in the dynamic view. Someone 

looking at a static GlobeCorr plot would require more background information on the 

variables contained within the globe compared to someone looking at a heatmap, where 

an unfamiliar user could just read along the axis to get a better idea of the specific 

variables involved in the analysis. 

GlobeCorr diagrams are best suited to correlation analyses where the 

correlations are between variables of the same “type.” For example it means that a user 

is doing a study looking at how different microbial taxa correlate with each other instead 

of seeing how microbial taxa correlate with environmental contaminants. An example of 

these two situations, comparing the heat map vs. Globe, can be seen in Figure 3.5 and 

Figure 3.6, respectively. The layout of a circle works well for information of the same 

type, but when there are two “types,” i.e. microbial taxa and contaminant, the division of 

those two using the two axes of a heat map is preferable for clarity.  
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Figure 3.5. Comparison of Heatmap visualization for Beluga skin microbiome 
and environmental toxin analysis. Heat map depicting the 
relationship between Beluga whale (Delphinapterus leucas) 
microbiome (shown as domain; phylum) and blubber contaminants. 
Blubber contaminants are arranged along the horizontal while 
microbiome components are shown along the vertical at the phylum 
level. A diverging colour scale is used to show the strength of the 
correlations, with dark pink being positive and blue being negative 
correlations. The significance for correlation  is indicated by:***: 
p<0.001, **: p<0.01, *p<0.05. 

Heatmap courtesy of Justin Jia (Jia et al., 2022, Submitted to Frontiers in Environmental Science) 
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Figure 3.6.  Correlation Globe visualization for Beluga microbiome and 
environmental toxin analysis. Sample GlobeCorr plot depicting the 
relationship between Beluga whale (Delphinapterus leucas) 
microbiome and blubber contaminants with a correlation cut-off of 

|0.2|. Blubber contaminants are located on the right and side of the 
image and microbiome components are depicted on the left at the 
phylum level. 

 

3.5. Concluding Remarks 

GlobeCorr has limitations and best use cases like any other method. Regarding 

the number of correlations that GlobeCorr can handle, the dynamic aspect of GlobeCorr 

tends to struggle with larger csvs (approximately anything over 500 correlations), and 



50 

the responsiveness of the website lags, making the desired customizations challenging 

to achieve. With larger globes, the static visualization can be lacking in necessary detail. 

GlobeCorr is an excellent tool for dynamic data exploration through a browser. 

This could be on an individual or a larger scale if a user is willing to share their browser 

during a presentation. The use of GlobeCorr facilitates engagement with the 

visualization that is impossible with a static image. It can be challenging to transfer the 

dynamic images generated in GlobeCorr to a compelling static image. Long domain 

labels can be cut off, and the legend is very small. The individual ribbons also have no 

labels, making it difficult for users to know what is going on in the static globe unless 

they have an accompanying dynamic version. A presenter can go through individual 

slides with highlighted ribbons and include each globe as a separate image. However, 

this can be time-consuming and make formatting difficult. When using GlobeCorr, users 

must reflect on their needs and the properties of their data and decide if GlobeCorr is the 

most appropriate tool for them. 

By understanding the limitations of the GlobeCorr software, users can customize 

figures to their specifications with limited coding experience and use these results in 

harmony with other visualization tools to explore their data to generate hypotheses and 

identify confounding variables. The creation of GlobeCorr addresses the need for an 

accessible and dynamic visualization to examine correlations within complex datasets.  
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Chapter 4.  
 
Machine Learning-Based Analysis of Medication Use 
and Lifestyle Factors Associated with Microbial 
Dysbiosis 

This chapter outlines the creation of Random Forest and Gradient Boosting 

models to predict microbial dysbiosis as measured by the Enterobacteriaceae-to-

Bacteroidaceae (EB) ratio or Firmicutes-to-Bacteroidetes (FB) ratio. This task was 

undertaken with the hypothesis that there are patterns of medication usage predictive of 

microbial dysbiosis that can be identified through machine learning. Section 4.3 outlines 

the methods used. I curated a dataset of 1547 variables for 564 participants from the 

CHILD Cohort Study and used multiple imputation by chained equations to handle any 

missing data in the dataset. With a complete dataset, I created Random Forest 

regression and Gradient Boosting regression models, tuning model parameters where 

necessary to optimize their error scores. Upon completion, I evaluated the importance 

scores of the variables included in the machine learning models to determine candidates 

for more in-depth analyses to explore the associations between medications and 

microbial dysbiosis. This evaluation procedure is outlined in Section 4.4. 

I completed all work presented in this chapter with the following exceptions: The 

data collection was done from 2009-2012 by various research assistants in the CHILD 

Cohort Study. The microbiome data were generated by the Turvey lab at UBC and made 

available through the CHILD Cohort Study. All software was run using R v4.1.0 on 

Cedar, supported by The Digital Research Alliance of Canada. 

4.1. Abstract  

The interaction between medication usage and microbial dysbiosis is likely 

complex and multifactorial. While some medication use, such as antimicrobial use, has 

been associated with dysbiosis, the impact of most medications on gut microbiomes is 

not known, especially in infants. To initiate the exploration of these complex 

relationships, machine learning was used to identify patterns of medication usage that 

may be predictive of microbial dysbiosis. Using a curated dataset of 1547 variables for 
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564 participants, Random Forest and Gradient Boosting regression models were built to 

predict infant microbial dysbiosis at three months and one year, using Firmicutes-to 

Bacteroidetes ratio and the Enterobacteriaceae-to-Bacteroidaceae ratios. Using the 

variable importance scores from both models, antimicrobials, analgesics, and vitamin D 

were identified as medications with strong associations to the microbial dysbiosis 

outcomes. Evaluation of these models provides a preliminary prioritization strategy for 

medication and microbial dysbiosis associations requiring further investigation and the 

investigation of more causative factors associated with microbial dysbiosis. The ranking 

of variables in the machine learning models may suggest that other lifestyle factors are 

more causative of microbial dysbiosis versus medication use. This work illustrates the 

benefit of more holistic integration of lifestyle and medication use data. It provides a 

base for further exploration of the complex relationship between medication use, 

lifestyles, and microbial dysbiosis. 

4.2. Introduction  

There are many decision tree-based methods that are commonly used for the 

analysis of large multidimensional datasets in biomedical and life sciences (Banerjee et 

al., 2019). One of the most common decision tree-based methods is the Random Forest. 

Decision trees can be used for regression and classification. Decision trees generally 

start with a singular node. This node represents a variable that can effectively split the 

data into distinct groups. From there, one can trace down to intermediate nodes, which 

contain other variables that can be used to split the data. Ultimately, by tracing down 

these nodes, one will arrive at a leaf node, which will give you the final value or 

classification for your data point. An example of this structure can be found in Figure 4.1.  
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Figure 4.1.  Example of Decision Tree Anatomy. This  decision tree was created 
to predict the amount of work a bioinformatics master's student will 
get done given the conditions of her working environment. Elements 
shown are a root node, branch, decision node, splitters and leaf 
nodes.  

 

As the name might suggest, Random Forest models involve a collection of 

decision trees. For these models, a certain number of trees are made, each having been 

constructed slightly differently. This group of n unique trees will all sort the same data 

according to their structure and come up with an answer, and each tree's answer is 

compiled before giving the result. Multiple distinct trees are used in this instance to avoid 

overfitting and reduce the error rates of the predictions (Liaw & Wiener, 2002). 

When working with machine learning models, there is always a concern for 

optimization. There are several metrics in which to evaluate optimization. A popular 

method for regression trees is using the Root Mean Squared Error (RMSE). When 

dealing with a regression model, a regression line is generated, and the RMSE 

describes how far away the actual data points are from their value when following the 

regression line. The smaller the RMSE values, the better. The RMSE is interpreted in 

the same units as the outcome of interest. Therefore, the value of a "suitable" RMSE is 



54 

subject to the range of the outcome variable. In the case of Random Forest models, 

several parameters can be tuned to decrease the RMSE and optimize the model. The 

mtry parameter refers to the number of variables included in a tree at a time, as the 

construction of the Random Forest tree relies on a subset of the given variables for each 

tree created. Another parameter, referred to as ntree, describes the number of trees built 

in the model. These two parameters were altered in different permutations to find the 

models with the lowest RMSE values for a given outcome.  

Decision trees are also a hallmark of the Gradient Boosting method. However, 

the construction of the model is significantly different. While Random Forest models 

create independent trees, Gradient Boosted models build trees sequentially, building off 

information from the preceding tree. Like Random Forest, Gradient Boosting models can 

also be run as regression or classification models.  

When building a Gradient Boosting regression model, the tree starts as a 

singular node that is the average value that we are trying to predict. This is used as the 

predicted value for all entries in the dataset. Then, pseudo-residuals are calculated 

based on the difference between the observed and predicted values. For this first tree, 

all predicted values are the same. Once the pseudo-residuals have been established, a 

new tree is built to predict the pseudo-residuals, not the outcome of interest. The 

predicted pseudo-residuals are then added to the average value of the outcome 

variable, and a second, new pseudo residual is calculated based on the observed value 

and the average value plus the pseudo residual predicted from the first tree. However, 

the pseudo residual predicted from the first tree is weighted before being added to the 

average value. This weight is referred to as the learning rate. The algorithm attempts to 

drive the model through small, sequential improvements by employing the learning rate. 

This iterative process will continue until a certain number of trees have been completed 

or the model is no longer significantly improving. This iterative learning process is often 

the justification for selecting a Gradient Boosting approach. By tuning the trees each 

time, users generally end up with a smaller error rate for their predicted values 

compared to other methods (Natekin & Knoll, 2013). 

To evaluate the performance of the models, Gradient Boosting also uses the 

RMSE. This value can be interpreted in the same as one would for a Random Forest, 

with units identical to the outcome variable and a "good" score dependent on the 
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magnitude of the score themselves. As with Random Forest, some parameters can be 

changed to optimize the RMSE values of Gradient Boosting models: learning rate, 

interaction depth, minimum nodes and the bag fraction. The learning rate is the weight 

applied to the newly predicted residuals at each iteration of the gradient boost descent. 

The interaction depth is the number of splits on a node. The minimum nodes is the 

number of observations allowed in a terminal node. Should there be multiple 

observations in a terminal node, will have the average taken and then that average value 

will be used to determine the pseudo residuals at that stage. The bag fraction 

determines the percentage of the observations used for each tree.  

4.3. Methods 

4.3.1. Data collection  

All data was collected via the CHILD Cohort Study. As this project aims to 

investigate early life associations of the gut microbiome, the first criteria to be met for 

inclusion in this analysis was whether there was an available stool microbiota sample for 

that participant. A preliminary data quality assessment indicated that I should use the 

dataset from Turvey et al. This dataset had 564 participants with microbiome samples at 

three months and one year, with taxa assigned at the phylum and family level. Following 

this, I assessed additional numeric, binary, ordinal and continuous data for inclusion in 

this model. For any character values, such as the response "fever" to the question 

"reason for medication use," these values were one-hot encoded. An example of one hot 

encoding can be seen in Figure 4.2.  

 

Figure 4.2.  Example of label encoding and conversion to one-hot encoding. 

 

The additional data assessed for these models described can be assigned to the 

following categories or "domains": infant's healthcare, mother's healthcare, infant 

nutrition, mother's nutrition, infant medications, mother's medications, home 
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environment, external environment, lifestyle, and demographics. The data was collected 

at a range of time points from the prenatal questionnaire to 1 year. One exception is that 

metrics for height and weight were also obtained from the 5-year time point to assess 

any potential association with the early-life microbial imbalance and BMI at five years.  

The microbiome data were available as raw counts from the CHILD Cohort 

Study. However, to account for the compositional nature of the dataset, everything was 

expressed as a ratio to other taxa (Gloor et al., 2017). For the microbiota data at the 

phylum level, there were 22 distinct taxa. For the microbiota data available at the family 

level, there were 165 distinct taxa. It is important to note that while this solves the 

compositional problem, using ratios introduces two mathematical problems. Having a 

zero in the numerator will give a result of zero, and having zero in the denominator will 

give a result of undefined. Biologically, this indicates that relationships with low 

abundance taxa would not be captured by this method. For this project, I was interested 

in examining the influence of these variables on microbial dysbiosis. As a dysbiosis 

metric, I used the Firmicutes-to-Bacteroidetes Ratio (FB) and the Enterobacteriaceae-to-

Bacteroidaceae (EB) (Ley et al., 2006; Vu et al., 2021). Using ratios is a common 

practice when the sequencing data is already available due to its computational 

simplicity (Wei, 2021). The FB ratio has been positively correlated with obesity, in both 

human adult cohorts and mouse models (Mange et al., 2020). The EB ratio has been 

positively correlated with atopic sensitization in infants (Azad et al., 2015). . With these 

ratios, it is important to note that gut microbial composition changes with age, and 

especially during infancy as new foods are introduced to the infant’s diet. However, 

microbial dysbiosis is still a concern as dramatic changes still occur even in this context 

and warrant more research (Underwood et al., 2020). 

Microbiome data was available at both the three-month and one year timepoint, 

so these ratios were calculated at both points. Giving a total of four outcome variables: 

Firmicutes-to-Bacteroidetes at three months (FB_3m), Firmicutes-to-Bacteroidetes at 

one year (FB_1y), the Enterobacteriaceae-to-Bacteroidaceae (EB_3m) and the 

Enterobacteriaceae-to-Bacteroidaceae at one year (EB_1y). Summary figures of the FB 

and EB ratios can be seen in Figures 4.3 and 4.4, respectively. The values for cohort 

subjects are shown in black, with a reference dot in red to represent documented ratios 

for those microbes for cohorts of similar ages. In the machine learning models, all 

outcomes were treated as a continuous variables.  
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Figure 4.3.  Violin plot of Firmicutes-to-Bacteroidetes ratios for infants in the CHILD Cohort Study. The x axis shows the 
two timepoints where data was collected (3 months and 1 year), and the Y axis shows the ratios with a log+1 
transform to improve readability. The spread of the data is indicated by the green violins, with the individual 
measures represented by black points. The larger pink datapoint at both timepoints represents the 
documented Firmicutes-to-Bacteroidetes ratio in infants of 0.4 (Mariat et al., 2009). 
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Figure 4.4. Violin plot of the Enterobacteriaceae-to-Bacteroidaceae ratios for infants in the CHILD Cohort Study. The x 
axis shows the two timepoints where data was collected (3 months and 1 year), and the Y axis shows the 
ratios with a log+1 transform to improve readability. The spread of the data is indicated by the green violins, 
with the individual measures represented by black points. The larger pink datapoint at both timepoints 
represents the documented Enterobacteriaceae-to-Bacteroidaceae ratio in infants of 1.0 for 3 months and 0.02 
for 1 year (Azad et al., 2015)
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4.3.2. Multiple Imputation by Chained Equations 

When creating the dataset for the model, the only requirement for data 

completeness was for all subjects to have complete gut microbiome data at three 

months and one year. From this, 564 participants were identified. These 564 participants 

were not required to have completed all the other surveys and tests curated for the rest 

of the dataset. This resulted in many instances of missing data. For example, breast 

serum metabolomes and urine phthalate levels were also tested for the CHILD Cohort 

Study. However, these datasets did not overlap and had anywhere from 40-89% missing 

data since the subjects that had valid microbiome data at 3 months and 1 year did not 

have the serum metabolomes or urine phthalate levels available. Overall, the variables 

with the highest percentage of null responses are from other diagnostic tests (such as 

the metabolome, phthalate levels and household dust composition) as opposed to a lack 

of survey responses from the participants.  

When dealing with missing data, there are two main approaches. The first is a 

complete case analysis, wherein the researchers will only use the participants that have 

completed all questions. This was not a feasible option for this project, as this left me 

with insufficient sample size. The other option is imputation, which was the strategy 

employed for this project.  

Multiple imputation by chained equations (MICE) was used to account for the 

wide array of data. I implemented this method using the MICE package in R (Buuren & 

Groothuis-Oudshoorn, 2011). This method uses the values found in the rest of the 

dataset to predict the missing values in a specified column. To specify which columns 

would be used for imputation, I created a predictor matrix in R, which would be applied 

during the imputation process to ensure that columns such as subject id were not being 

used to impute values that would be later used in the machine learning models.  

Different imputation methods for different variable types can be specified when 

using MICE. MICE classifies variables as continuous, ordinal and binary, which will be 

automatically applied as the procedure takes place. Table 4.1 shows the methods used 

for each type of variable when using MICE in this project.  
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Table 4.1.  Methods used for different variable types in Multiple Imputation by 
Chained Equations. Methods implemented using MICE v. 3.14.0 in R 
v 4.1.1.  

Variable Type  Method  Rationale 

Continuous   
Classification and Regression 

Trees 

Preferred when dealing with non-
linear relationships and skewed 

distributions  

Binary  Logistic Regression  Mice default method for binary 

Ordinal  Proportional odds model Only option for ordinal data  

 

Another hallmark of MICE is the creation of multiple datasets that may have 

slight variations in the imputed values, which helps account for some of the unknown 

variability when trying to predict missing values. After creating multiple datasets, the 

same analyses would be run on all n imputed datasets and the results pooled. For this 

project, an n of 5 was selected when running MICE.  

There was a wide range of data completeness for the questions asked in the 

CHILD Cohort Study for the 564 participants selected for this project. To look at the 

impacts of including variables that were more vs less complete (therefore requiring less 

or more imputation), different datasets with different data completeness thresholds were 

created. The baseline dataset where variables containing any missing percentage were 

used, as well as datasets requiring 70%, 80%, 85% and 90% complete variables. This 

gave a total of 5 different datasets with the different missing data allowances, and each 

would be imputed five times per the MICE protocol. This resulted in 25 different datasets 

for the machine learning models.  

There is some debate with imputation and machine learning about whether the 

data should be split into training and testing datasets before imputation. The argument is 

that should all data be imputed at once, the testing dataset will influence the values in 

the training datasets. This would be an indication of data leakage, which is ideally 

avoided. However, I chose to impute all the data beforehand and then split it into testing 

and training datasets. This was done for practical reasons and justified in this project's 

goal. Practically, this would have meant I was working and organizing 50 datasets 

instead of 25. In terms of the project goal, it is not the intention to create a tool that can 

accurately predict microbial dysbiosis in infants. The machine learning model is being 
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used to identify potential variables of importance that may require further research into 

their impact on infant microbiota.  

4.3.3. Machine Learning Model Construction 

Random Forest 

For this project, all models will be treated as regression models. This is because I 

am treating the outcome of interest, one of the four microbial dysbiosis and time 

combinations, as a continuous as opposed to a categorical variable. In this project, I will 

not be classifying subjects as having "poor" or "favourable" ratios. These models will be 

used to identify variables associated with shifts in common measures of microbial 

dysbiosis.  

To evaluate the Random Forest regression models in this project, I have chosen 

to evaluate the models based on RMSE. The units for RMSE are identical to the units of 

the outcome of interest. However, in this case, as we are predicting a ratio, the RMSE is 

unitless. Furthermore, as this model is being built with only the intention of identifying 

potentially influential variables and not as a method for microbial dysbiosis prediction, 

RMSE values were not treated as definitive markers for the success of these models. 

The actual construction and running of the Random Forest models were completed in R 

using the randomForest and Caret packages (Kuhn, 2008; Liaw & Wiener, 2002). In R, 

the parameters for mtry and ntree were altered using the grid-search functionality to find 

the models with the lowest RMSE values for a given outcome.  

There were five different data completeness thresholds for each of the four 

outcomes, and each data completeness threshold had five different imputed datasets. 

By the nature of multiple imputation, a Random Forest would be run on each of the 25 

datasets for each outcome (5 data completeness * 5 imputations) before pooling the 

results for each level of data completeness (ie. 70%, 80%, 85% and 90% complete 

variables), giving five models to evaluate for each outcome. Expanding this, this is 100 

Random Forest models (4 outcomes *5 data completeness * 5 imputations), pooled 

down to 20 (4 outcomes* 5 pooled for data completeness). Table B.1 in Appendix B 

shows the organization of these Random Forest models as described in the text above.  
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Once the results are pooled, variables can be described by their Mean Decrease 

Accuracy Score, or %IncMSE. This describes how much the model improves upon 

including a particular variable. In broad terms, a positive value indicates that the variable 

does improve model performance, and a negative value indicates it hinders model 

performance. The magnitude indicates the strength of the impact in whatever direction 

would be implied by the sign of the value. These values are calculated by running the 

model with and without the specified variable and then evaluating the change in Mean 

Squared Error due to the exclusion of the variable in question. In this project, the 

%IncMSE values were used to determine variables of importance requiring further 

investigation.  

However, upon what I will now refer to as the first iteration of the machine 

learning models, the top %IncMSE values were overwhelmed with variables containing 

one of the taxa of interest. For example, the ratio of Firmicutes-to-Bacteroidetes was 

used as a metric to describe a potential state of microbial dysbiosis. Other ratios like the 

Bacteroidetes-to-Actinobacteria would also be incredibly influential for the overall 

outcome. This is expected given that the outcome value was calculated based on one of 

the taxa included in the Bacteroidetes-to-Actinobacteria ratio. Therefore, it is comforting 

to see these values come up as high scoring because the model is performing as one 

would expect, given the known relationships between the variables. However, it is not 

good practice to include these types of variables due to the collinearity of the results.  

To remedy this, a smaller set of Random Forest models were run again. Based 

on the RMSE scores of the models, the models that required 90% and 85% data 

completion were performing the best. Therefore, only the 90% and 85% models were re-

run on the second iteration, where any microbiome ratios containing the outcome taxa 

were removed. To expand on the example noted above, in that case the Bacteroidetes-

to-Actinobacteria ratio would be removed from the dataset for the model trying to identify 

predictive factors for the Firmicutes-to-Bacteroidetes ratio. This second iteration followed 

the same procedure as the first, with the %IncMSE scores from this second iteration 

used to determine the variables of importance requiring further discussion, which is 

outlined in Chapter 5.  
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Gradient Boosting 

To complement the Random Forest models, Gradient Boosting regression was 

also used in this project. The RMSE is used as described above to evaluate the Gradient 

Boosting models' performance. However, when looking at the values during the 

procedure, this is referred to as the cv. error. This value can be interpreted as indicated 

in the previous section, with units identical to the outcome variable and a "good" score 

being dependent on the magnitude of the score themselves. To optimize the error score, 

the following parameters were altered: learning rate, interaction depth, minimum nodes 

and the bag fraction. 

There were five different data completeness thresholds for each of the four 

outcomes, and each data completeness threshold had five different imputed datasets. 

By the nature of multiple imputation, a Random Forest would be run on each of the 25 

datasets for each outcome (5 data completeness * 5 imputations) before pooling the 

results for each level of data completeness, giving five models to evaluate for each 

outcome. Expanding this, this is 100 Random Forest models (4 outcomes *5 data 

completeness * 5 imputations), pooled down to 20 (4 outcomes* 5 pooled for data 

completeness). Table B.2 in Appendix B shows the organization of these Gradient 

Boosting models as described in the text above.  

The Random Forest models use %IncMSE to describe the importance of specific 

variables. The relative influence score or RelInf is the equivalent for Gradient Boosting. 

For each split, the change in MSE for the model is determined by the inclusion and 

exclusion of the variable in question. The most influential variables are those with the 

highest relative influence.  

As with the Random Forest procedure, a second iteration of the Gradient 

Boosting models were run on a reduced dataset, omitting the variables that contain the 

values of the taxa of interest and using only the 90% and 85% data completeness 

thresholds. The RelInf scores from this second iteration were used to determine the 

important variables discussed in Chapter 5.  
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4.4. Results and Discussion  

4.4.1. Random Forest Model Analysis 

The Random Forest models using the datasets requiring 85% and 90% response 

rates before imputation were used to determine variables of importance. Both models 

were tuned, altering the number of variables included in the model (mtry) and the 

number of trees created (ntree). All models were trained independently, so it is possible 

that different models will have different parameters that resulted in the lowest RMSE 

value. While RMSE was minimized, that does not mean that all models are perfect. 

Table 4.2 and Table 4.3 show the summary statistics for the 85 and 95% models, 

respectively. For all outputs, the RMSE values are larger than the mean of the outcome 

variable. This indicates the models would be unsuitable if one were planning to rely on 

these models for the prediction of Firmicutes-to-Bacteroidetes or Enterobacteriaceae-to-

Bacteroidaceae ratios. However, the goal of this project is not to create a perfect 

predictive model but to narrow down the most important factors associated with 

microbial dysbiosis.  
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Table 4.2. Summary Statistics for Random Forest model for 85 percent 
complete data. 20 models are shown (5 imputations of each 4 
outcomes), the means of the outcome variables are shown, along 
with the model parameters for the number of variables included in 
the model (mtry) and the number of trees used in the model (ntree). 
RMSE is shown to describe overall quality of the model.  

Imputation Outcome Mean mtry Ntree RMSE 

1 EB_1y 44.33 2200 500 113.86 

2 EB_1y 44.33 2200 1000 109.05 

3 EB_1y 44.33 2200 300 114.96 

4 EB_1y 44.33 2200 400 107.53 

5 EB_1y 44.33 2200 300 108.92 

1 EB_3m 15.44 2200 300 61.25 

2 EB_3m 15.44 2200 1000 61.85 

3 EB_3m 15.44 2200 400 62.52 

4 EB_3m 15.44 2200 300 60.28 

5 EB_3m 15.44 2200 600 58.36 

1 FB_1y 1.25 2200 800 1.95 

2 FB_1y 1.25 2200 800 1.94 

3 FB_1y 1.25 2200 400 1.89 

4 FB_1y 1.25 2200 1000 1.92 

5 FB_1y 1.25 2200 1000 1.96 

1 FB_3m 1.84 2200 1000 4.1 

2 FB_3m 1.84 2200 1000 4.02 

3 FB_3m 1.84 2200 800 4.16 

4 FB_3m 1.84 2200 800 3.76 

5 FB_3m 1.84 2200 800 3.93 
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Table 4.3. Summary Statistics for Random Forest model for 90  percent 
complete data. 20 models are shown (5 imputations of each 4 
outputs), the means of the outcome variables are shown, along with 
the model parameters for the number of variables included in the 
model (mtry) and the number of trees used in the model (ntree). 
RMSE is shown to describe overall quality of the model.  

Imputation Outcome Mean mtry_list ntree_list rmse 

1 EB_1y 44.33 2200 500 116.71 

2 EB_1y 44.33 2200 800 106.34 

3 EB_1y 44.33 2200 1000 111.03 

4 EB_1y 44.33 2200 500 113.56 

5 EB_1y 44.33 2200 1000 115.33 

1 EB_3m 15.44 2200 1000 62.61 

2 EB_3m 15.44 2200 1000 59.12 

3 EB_3m 15.44 2200 300 63.91 

4 EB_3m 15.44 2200 600 59.13 

5 EB_3m 15.44 2200 800 58.63 

1 FB_1y 1.25 2200 300 2.03 

2 FB_1y 1.25 2200 1000 1.99 

3 FB_1y 1.25 2200 400 1.85 

4 FB_1y 1.25 2200 300 1.97 

5 FB_1y 1.25 2200 300 1.97 

1 FB_3m 1.84 2200 400 4.08 

2 FB_3m 1.84 2200 300 4.05 

3 FB_3m 1.84 2200 600 4.21 

4 FB_3m 1.84 2200 300 3.96 

5 FB_3m 1.84 2200 600 4.06 

 

Figure 4.5 is an example figure that the log of true vs predicted values for the FB 

ratio at 1 year given by random forest models run on each imputed dataset that required 

90% complete variables. Log scales used to improve visibility of data across a wide 

range of values. The figures for the other outcomes can be found in Appendix A. In 

these figures, points that are closer to the best fit line indicate predicted values that are 

closer to their true value. From these plots, we see that there is a range of values for 

which the model appears to perform better when the random forest models predict the 

FB ratio at 1 year. In all panels, this cluster appears just above the 0 value on the x axis. 

These values appear to be around the document average FB ratio for infants which is 

0.4 (Mariat et al., 2009). This may indicate that the model does not perform well with 
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values at the extremes, which is a significant drawback for predicting microbial 

dysbiosis. However, this may also be a case where overfitting in the model has been 

avoided.
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Figure 4.5. Example of Log of Predicted  Firmicutes-to-Bacteroidetes ratios vs Log of True Firmicutes-to-Bacteroidetes 
ratois at 1 year using the Random Forest model with variables at least 90% complete. Each panel represents 
the predictions using one of the five imputed datasets, as indicated by the banner at the top of the panel. Log 
scales used to improve visibility of data across a wide range of values. 
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For all five imputed versions of the dataset, the variable importance score, which 

describes how influential each variable is for predicting a given ratio, was pooled, giving 

four different lists of variable importance. The overall composition of the top variables for 

the Random Forest models can be seen in Figure 4.6. Microbiome data (not including 

ratios with the outcome taxa, as described in section 4.3.3) accounts for many high 

scoring variables. The inclusion of this microbiome data may pose some limitations as to 

the interpretability of these variable importance scores. It is possible that the inclusions 

of these variables, which would be highly correlated given the relational composition of a 

gut microbial community, could influence the model and skew the variable importance 

scores. With this in mind, we can also note that home environment, healthcare and 

medications comprise notable portions of the high scoring variables. 

As this project focuses on medications, subsets of these lists can be found in 

Table 4.4, Table 4.5, Table 4.6, and Table 4.7. The entire list, consisting of all 

information domains and raw importance scores, is available in the supplemental 

materials described in Appendix C The subsets show the top 25 medication variables for 

the outcome. For each table, the variable is shown, ranking in the overall list (with all 

domains of information included) and then ranking within the medication domain. The 

rankings for the 85% complete information and 90% complete information are shown. 

For both the 85 and 90% cases, the same variables are in the top 25; however, their 

rankings are not identical. 
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Figure 4.6.  Domain representation in the 100 highest scoring variables for the Random Forest models  The panel on the 
left is for the models run requiring 85% variable response, the panel on the right is for 90% variabel response. 
The x axis shows the 4 different outcomes predicted, and the y axis shows the variable counts for each 
domain of information. Colours of the bars correspond to the domains of information. Unless otherwise 
stated, the domain of information pertains to the infant.  
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Table 4.4. Top 25 Medication Variables from Random Forest Models for the 
outcome the Enterobacteriaceae-to-Bacteroidaceae ratio at 3 
months. Results shown for the 90% and 85% variable response 
models. Within those, the overall rank when considering all variable 
domains in shown, along with the ranking within the medication 
domain itself. Table Organized by medication rank for 90%. 

 90 Percent Variable 
Response 

85 Percent Variable 
Response 

Medication Overall 
Rank 

Medication 
Rank 

Overall 
Rank 

Medication 
Rank 

number of antifungals at 6 months  75 1 310 6 

rash medications at 1y 81 2 161 5 

respiratory therapy at 6 months 88 3 318 7 

Estrogenic substances at 6 months 89 4 319 8 

medications for third cold at 1 year 90 5 320 9 

clobestasone butyrate at 1 year 91 6 321 10 

desloratadine at 1 year 95 7 322 11 

drugs at 6 months  101 8 129 2 

Salbutamol at 1 year 106 9 330 12 

Cefprozil at 1 year 122 10 341 13 

took ibuprofen at 6 months  129 11 348 14 

Homeopathy Therapy at 6 months  130 12 349 15 

Diphenhydramine hydrochlorideat 1 year 132 13 351 16 

Cetalkonium chloride at 1 year 136 14 148 4 

Anitfungal drug at 1 year  135 15 353 17 

Diphenhydramine hydrochloride at 6 months  140 16 130 3 

Diflucortolone valerate at 1 year 138 17 355 18 

Omeprazole at 1 year  139 18 356 19 

respiratory therapy at 1 year 141 19 357 20 

anti asthmatic drug at 1 year 142 20 358 21 

lactulose at 1 year 143 21 359 22 

fluticasone at 6 months  144 22 128 1 

cefuroxime axetil at 1 year 146 23 361 23 

steroid at 6 months  147 24 362 24 

azithromycin at 1 year 148 25 363 25 
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Table 4.5. Top 25 Medication Variables from Random Forest Models for the 
outcome the Enterobacteriaceae-to-Bacteroidaceae ratio at 1 year. 
Results shown for the 90% and 85% variable response models. 
Within those, the overall rank when considering all variable domains 
in shown, along with the ranking within the medication domain itself. 
Table Organized by medication rank for 90%. 

 90 Percent Variable 
Response 

85 Percent Variable 
Response 

Medication Overall 
Rank 

Medication 
Rank 

Overall 
Rank 

Medication 
Rank 

cough medication at 1 year 27 1 277 3 

epinephrine at 1 year 73 2 309 4 

amoxicillin at 1 year 82 3 315 5 

prednisone at 1 year 88 4 318 6 

number of acetaminophen at 3 months  89 5 319 7 

took antiallergic medication at 6 months  95 6 323 8 

glycerin at 1 year  98 7 324 9 

vitamin D at 1 year 111 8 336 10 

Diphenhydramine hydrochloride at 6 months  112 9 337 11 

antibacterial drug at 1 year 117 10 342 12 

number of analgesic  123 11 140 2 

took ibuprofen at 6 months  124 12 346 13 

fluticasone propionate at 1 year 127 13 348 14 

fluticasone at 6 months  130 14 86 1 

clavulanic acid at 1 year 133 15 351 15 

number of antihelminthic at 6 months  135 16 353 16 

fusidic acid at 6 months  136 17 354 17 

erythromycin at 1 year 137 18 355 18 

ambroxol hydrochloride at 1 year 138 19 356 19 

cefaclor at 1 year 139 20 357 20 

mupirocin at 1 year 140 21 358 21 

phenobarbital at 6 months  141 22 359 22 

furosemide at 6 months  142 23 360 23 

fluocinolone acetonide at 1 year 143 24 361 24 

moxifloxacin hydrochloride at 6 months  144 25 362 25 
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Table 4.6. Top 25 Medication Variables from Random Forest Models for the 
outcome Firmicutes-to-Bacteroidetes ratio at 3 months. Results 
shown for the 90% and 85% variable response models. Within those, 
the overall rank when considering all variable domains in shown, 
along with the ranking within the medication domain itself. Table 
Organized by medication rank for 90%. 

 90 Percent Variable 
Response 

85 Percent Variable 
Response 

Medication Overall 
Rank 

Medication 
Rank 

Overall 
Rank 

Medication 
Rank 

number of ibuprofen at 1 year 29 1 272 4 

benzocaine at 6 months  80 2 300 5 

number of antifungal at 3 months  81 3 301 6 

vitamin D at 1 year 82 4 111 3 

Iron Supplement at 1 year 91 5 308 7 

number of antibacterial at 6 months  92 6 309 8 

took antiallergic medication at 3 months  99 7 315 9 

number of antiallergic at 3 months  104 8 318 10 

number of antipyretic  105 9 319 11 

albuterol at 1 year 110 10 321 12 

medications for first cold at 1 year 111 11 322 13 

other vitamins and supplements at 1 year 117 12 102 2 

took antiallergic medication at 6 months  120 13 329 14 

number of anti asthmatic medications  121 14 330 15 

fluticasone propionate at 1 year 122 15 331 16 

moxifloxacin hydrochloride at 6 months  123 16 332 17 

fluocinolone acetonide at 1 year 139 17 348 18 

azithromycin at 6 months  146 18 351 19 

number of antiallergic at 1 year 155 19 359 20 

took ibuprofen at 6 months  159 20 360 21 

Vitamin D Supplement at 1 year 162 21 92 1 

number of antifungal at 1 year 164 22 362 22 

antibacterial drug at 1 year 165 23 363 23 

cefixime at 6 months  166 24 364 24 

cefprozil at 6 months  169 25 367 25 
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Table 4.7. Top 25 Medication Variables from Random Forest Models for the 
outcome Firmicutes-to-Bacteroidetes ratio at 1 year. Results shown 
for the 90% and 85% variable response models. Within those, the 
overall rank when considering all variable domains in shown, along 
with the ranking within the medication domain itself. . Table 
Organized by medication rank for 90%. 

 90 Percent Variable 
Response 

85 Percent Variable 
Response 

Medication Overall 
Rank 

Medication 
Rank 

Overall 
Rank 

Medication 
Rank 

acetaminophen at 1 year 31 1 292 7 

oral thrush medications at 1 year 34 2 295 8 

albuterol at 1 year 60 3 316 9 

ear infection medications at 1 year 62 4 119 3 

took antifungal at 3 months  71 5 322 10 

took ibuprofen at 6 months  72 6 323 11 

fluconazole at 6 months  75 7 326 12 

benzocaine at 1 year 88 8 338 13 

laxative at 6 months  92 9 341 14 

clotrimazole at 1 year  98 10 79 1 

cephalexin at 1 year 99 11 97 2 

hydrocortisone at 6 months  97 12 344 15 

number of antiallergic at 3 months  119 13 360 16 

fluticasone at 1 year 120 14 361 17 

beclometasome dipropionate at 6 months  127 15 365 18 

ratitidine at 6 months  129 16 151 6 

took ibuprofen at 6 months  133 17 142 5 

homeopathy therapy at 1 year 134 18 369 19 

steroid at 1 year 136 19 371 20 

number of antibacterial at 3 months  138 20 372 21 

nystatin at 6 months  140 21 374 22 

number of antipyretic  141 22 375 23 

belladonna at 1 year 145 23 126 4 

vitamins and supplements  150 24 381 24 

Vitamin D at 6 months  153 25 383 25 
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4.4.2. Gradient Boosting Model Analysis  

The Gradient Boosting models using the datasets requiring 85% and 90% 

response rates before imputation were used to determine variables of importance. Both 

models were tuned using the learning rate, interaction depth, minimum nodes (ntree) 

and the bag fraction. The learning rate is the weight applied to the newly predicted 

residuals at each iteration of the gradient boost descent. The interaction depth is the 

number of splits on a node. The bag fraction determines the percentage of the 

observations used for each tree. To evaluate the performance of the models, Gradient 

Boosting also uses the RMSE as described above. However, when looking at the values 

during the procedure, this is referred to as the cv.error.  

Table 4.8and Table 4.9 show the summary statistics for the 85% and 95% 

models, respectively. For all outputs, the cv.error values are approximately equal to the 

standard deviation of the outcome variable in question, and all cv values are larger than 

the mean of the outcome variable. These results would have the same implications as 

described with the Random Forest models in Section 4.2.1. 
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Table 4.8. Summary Statistics for Gradient Boosting Machine for 85 percent 
complete data. 20 models are shown (5 imputations of each 4 
outputs), the means of the outcome variables are shown, along with 
the model parameters for the number of trees (ntree), learning rate, 
interaction depth and bag fraction. The cv.error is shown to describe 
overall quality of the model.  

Imputation Outcome Mean Ntree Learning Rate Interaction 
Depth 

Bag 
Fraction 

cv. 
Error 

1 EB_1y 44.33 43 0.3 5 0.65 114.65 

2 EB_1y 44.33 148 0.1 3 0.8 111.48 

3 EB_1y 44.33 49 0.3 3 1 109.96 

4 EB_1y 44.33 180 0.3 1 0.8 113.26 

5 EB_1y 44.33 12 0.3 5 1 112.14 

1 EB_3m 15.44 8 0.1 3 0.8 58.02 

2 EB_3m 15.44 18 0.3 1 0.8 58.36 

3 EB_3m 15.44 6 0.1 3 0.8 57.67 

4 EB_3m 15.44 18 0.3 1 0.8 58.05 

5 EB_3m 15.44 29 0.3 5 1 58.63 

1 FB_1y 1.25 102 0.1 3 0.8 2 

2 FB_1y 1.25 74 0.1 3 0.65 1.99 

3 FB_1y 1.25 27 0.3 1 0.65 2.1 

4 FB_1y 1.25 7 0.3 5 0.65 2.07 

5 FB_1y 1.25 9 0.3 5 0.65 1.98 

1 FB_3m 1.84 33 0.3 5 0.65 4.42 

2 FB_3m 1.84 158 0.3 3 0.8 4.24 

3 FB_3m 1.84 688 0.1 5 0.8 4.28 

4 FB_3m 1.84 41 0.3 5 0.65 4.36 

5 FB_3m 1.84 180 0.3 5 0.8 4.2 
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Table 4.9.  Summary Statistics for Gradient Boosting Machines for 90% 
complete data. 20 models are shown (5 imputations of each 4 
outputs) along with the model parameters for the number of trees 
(ntree), learning rate, interaction depth and bag fraction. The 
cv.error is shown to describe overall quality of the model.  

Imputation Outcome Mean Ntree Learning 
Rate 

Interaction 
Depth  

Bag Fraction cv. Error 

1 EB_1y 44.33 32 0.3 3 0.8 118.4 

2 EB_1y 44.33 87 0.3 5 0.65 114.06 

3 EB_1y 44.33 29 0.3 5 0.65 116.37 

4 EB_1y 44.33 4993 0.01 5 1 112.79 

5 EB_1y 44.33 460 0.1 3 0.8 113.29 

1 EB_3m 15.44 51 0.3 5 1 58.51 

2 EB_3m 15.44 6 0.1 3 0.8 57.83 

3 EB_3m 15.44 24 0.3 1 1 57.96 

4 EB_3m 15.44 6 0.1 3 0.8 58.26 

5 EB_3m 15.44 24 0.3 1 1 58.24 

1 FB_1y 1.25 4 0.3 3 0.65 2.06 

2 FB_1y 1.25 9 0.3 3 0.65 2.08 

3 FB_1y 1.25 4 0.3 3 0.65 2.09 

4 FB_1y 1.25 6 0.3 3 0.65 2.12 

5 FB_1y 1.25 4097 0.01 3 1 1.93 

1 FB_3m 1.84 73 0.3 5 0.65 4.41 

2 FB_3m 1.84 90 0.3 3 0.65 4.24 

3 FB_3m 1.84 124 0.3 3 0.8 4.29 

4 FB_3m 1.84 476 0.1 5 0.8 4.15 

5 FB_3m 1.84 361 0.1 5 0.8 4.17 

 

Figure 4.7 is an example figure of the log of true vs predicted values for the FB 

ratio at 3 months given by gradient boosting models run on each imputed dataset that 

required 90% complete variables. Log scales used to improve visibility of data across a 

wide range of values. The figures for the other outcomes can be found in Appendix A. 

Unlike the Random Forest plots in Figure 4.5, there does not appear to be a range of 

values for which the model appears to perform better. Furthermore, the plots in Figure 

4.5 appear more uniform when comparing each imputation version. In Figure 4.7, 

Imputation 1 and Imputation 2 have similar shapes, while the other 3 versions share a 

different spread. These differences may be due to the fact that Random Forest has been 
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known to handle noise introduced by large datasets better than Gradient Boost (Hastie 

et al., 2009).  
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Figure 4.7. Example of Log of Predicted  Firmicutes-to-Bacteroidetes ratios vs Log of True Firmicutes-to-Bacteroidetes 
ratois at 3 months using the Gradient Boosting model with variables at least 85% complete. Each panel 
represents the predictions using one of the five imputed datasets, as indicated by the banner at the top of the 
panel. Log scales used to improve visibility of data across a wide range of values. 

Imputation 1

−6 −4 −2 0 2
−3

−2

−1

0

1

2

Log of True  FB Ratio at 3 Months

L
o

g
 o

f 
P

re
d
ic

te
d

 F
B

 
R

a
ti
o
 a

t 
3

 M
o

n
th

s
Imputation 2

−6 −4 −2 0 2

−2

0

2

Log of True  FB Ratio at 3 Months

L
o

g
 o

f 
P

re
d
ic

te
d

 F
B

 
R

a
ti
o
 a

t 
3

 M
o

n
th

s

Imputation 3

−6 −4 −2 0 2
−2

−1

0

1

2

Log of True  FB Ratio at 3 Months

L
o

g
 o

f 
P

re
d
ic

te
d

 F
B

 
R

a
ti
o

 a
t 

3
 M

o
n

th
s

Imputation 4

−6 −4 −2 0 2

−2

0

2

Log of True  FB Ratio at 3 Months

L
o

g
 o

f 
P

re
d
ic

te
d

 F
B

 
R

a
ti
o

 a
t 

3
 M

o
n

th
s

Imputation 5

−6 −4 −2 0 2

−4

−2

0

2

Log of True  FB Ratio at 3 Months

L
o

g
 o

f 
P

re
d

ic
te

d
 F

B
 

R
a
ti
o
 a

t 
3

 M
o

n
th

s



80 

For all five imputed versions of the dataset, the variable importance for each 

outcome in Gradient Boosting machines was pooled, giving four lists of variable 

importance. The overall composition of the top variables for the Gradient Boosting 

models can be seen in Figure 4.8. Microbiome data (not including ratios with the 

outcome taxa, as described in section 4.3.3) accounts for many high scoring variables. 

The inclusion of this microbiome data may pose some limitations as to the interpretability 

of these variable importance scores. It is possible that the inclusions of these variables, 

which would be highly correlated given the relational composition of a gut microbial 

community, could influence the model and skew the variable importance scores. With 

this in mind, we can also note that home environment, external environment and 

mother’s nutrition make up for notable portions of the high scoring variables. 

 

 As this project focuses on medications, subsets of these lists can be found in 

Table 4.10, Table 4.11, Table 4.12 and Table 4.13. The entire list, consisting of all 

information domains and raw importance scores, is available in the supplemental 

materials described in Appendix C. The subsets show the top 25 medication variables 

for the outcome. For each table, the variable is shown, ranking in the overall list (with all 

domains of information included) and then ranking within the medication domain. The 

rankings for the 85% complete information and 90% complete information are shown. 

While the components of the 85% and 90% lists are consistent, which was also the case 

with the variable importance lists from the Random Forest models, the rankings of the 

variables within the medication domain are much more consistent between groups when 

using the Gradient Boosting algorithm.  
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Figure 4.8. Domain representation in the 100 highest scoring variables for the Gradient Boosting models  The panel on 
the left is for the models run requiring 85% variable response, the panel on the right is for 90% variabel 
response. The x axis shows the 4 different outcomes predicted, and the y axis shows the variable counts for 
each domain of information. Colours of the bars correspond to the domains of information. Unless otherwise 
stated, the domain of information pertains to the infant.
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Table 4.10.  Top 25 Medication Variables from Gradient Boosting Machine for the 
outcome the Enterobacteriaceae-to-Bacteroidaceae ratio at 3 
months. Results shown for the 90% and 85% variable response 
models. Within those, the overall rank when considering all variable 
domains in shown, along with the ranking within the medication 
domain itself. Table Organized by medication rank for 90%. 

 90 Percent Variable 
Response 

85 Percent Variable 
Response 

Medication Overall 
Rank 

Medication 
Rank 

Overall 
Rank 

Medication 
Rank 

hydrocortisone valerate at 1 year 61 1 98 2 

number of antifungal at 3 months  69 2 67 1 

nystatin at 1 year 75 3 106 3 

took acetaminophen at 3 months  127 4 157 4 

number of acetaminophen at 3 months  128 5 158 5 

took ibuprofen at 3 months  129 6 159 6 

took antibacterial at 3 months  130 7 160 7 

number of antibacterial at 3 months  131 8 161 8 

took antifungal at 3 months  132 9 162 9 

took antihelminthic at 3 months 133 10 163 10 

number of antihelminthic at 3 months  134 11 164 11 

took antiallergic at 3 months  135 12 165 12 

number of antiallergic at 3 months  136 13 166 13 

took acetaminophen at 6 months 137 14 167 14 

number of acetaminophen at 6 months  138 15 168 15 

took ibuprofen at 6 months  139 16 169 16 

number of ibuprofen at 6 months  140 17 170 17 

took antibacterial at 6 months  141 18 171 18 

number of antibacterial at 6 months  142 19 172 19 

took antifungal at 6 months  143 20 173 20 

number of antifungals at 6 months  144 21 174 21 

took antiallergic at 6 months  145 22 175 22 

number of antiallergic at 6 months  146 23 176 23 

took acetaminophen at 1 year 147 24 177 24 

number of acetaminophen at 1 year 148 25 178 25 
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Table 4.11. Top 25 Medication Variables from Gradient Boosting Machine for the 
outcome the Enterobacteriaceae-to-Bacteroidaceae ratio at 1 Year. 
Results shown for the 90% and 85% variable response models. 
Within those, the overall rank when considering all variable domains 
in shown, along with the ranking within the medication domain itself. 
Table Organized by medication rank for 90%. 

 90 Percent Variable 
Response 

85 Percent Variable 
Response 

Medication Overall 
Rank 

Medication 
Rank 

Overall 
Rank 

Medication 
Rank 

benzocaine at 1 year 83 1 156 2 

number of acetaminophen at 6 months  98 2 162 3 

took antbacterial at 3 months  107 3 168 4 

number of ibuprofen at 6 months  170 4 202 5 

zinc oxide at 1 year 171 5 203 6 

took acetaminophen at 6 months 176 6 207 7 

number of antifungals at 6 months  179 7 209 8 

took acetaminophen at 1 year 182 8 116 1 

number of antibacterial at 1 year 183 9 210 9 

took antibacterial at 1 year 184 10 211 10 

acetaminophen at 1 year 185 11 212 11 

vitamins and supplements at 1 year 188 12 214 12 

sulfamethoxazole at 1 year 189 13 215 13 

hydrocortisone at 6 months  190 14 216 14 

herbal remedy supplement at 1 year 191 15 217 15 

sodium chloride at 1 year 192 16 218 16 

herbal remedy supplement at 6 months  193 17 219 17 

rash medications at 1 year 196 18 222 18 

number of antifungal at 1 year 198 19 224 19 

medications for second cold at 1 year 200 20 226 20 

other vitamins and supplements at 1 
year 201 21 227 21 

albuterol at 6 months  203 22 229 22 

clarithromycin at 1 year 204 23 230 23 

drug cream at 6 months  205 24 231 24 

amoxicillin at 6 months  206 25 232 25 
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Table 4.12. Top 25 Medication Variables from Gradient Boosting Machine for the 
outcome Firmicutes-to-Bacteroidetes ratio at 3 months. Results 
shown for the 90% and 85% variable response models. Within those, 
the overall rank when considering all variable domains in shown, 
along with the ranking within the medication domain itself. Table 
Organized by medication rank for 90%. 

 90 Percent Variable 
Response 

85 Percent Variable 
Response 

Medication Overall 
Rank 

Medication 
Rank 

Overall 
Rank 

Medication 
Rank 

hydrocortisone valerate at 1 year 61 1 98 2 

number of antifungal at 3 months  69 2 67 1 

nystatin at 1 year 75 3 106 3 

took acetaminophen at 3 months  127 4 157 4 

number of acetaminophen at 3 months  128 5 158 5 

took ibuprofen at 3 months  129 6 159 6 

took antbacterial at 3 months  130 7 160 7 

number of antibacterial at 3 months  131 8 161 8 

took antifungal at 3 months  132 9 162 9 

took antihelminthic at 3 months 133 10 163 10 

number of antihelminthic at 3 months  134 11 164 11 

took antiallergic at 3 months  135 12 165 12 

number of antiallergic at 3 months  136 13 166 13 

took acetaminophen at 6 months 137 14 167 14 

number of acetaminophen at 6 months  138 15 168 15 

took ibuprofen at 6 months  139 16 169 16 

number of ibuprofen at 6 months  140 17 170 17 

took antibacterial at 6 months  141 18 171 18 

number of antibacterial at 6 months  142 19 172 19 

took antifungal at 6 months  143 20 173 20 

number of antifungals at 6 months  144 21 174 21 

took antiallergic at 6 months  145 22 175 22 

number of antiallergic at 6 months  146 23 176 23 

took acetaminophen at 1 year 147 24 177 24 

number of acetaminophen at 1 year 148 25 178 25 
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Table 4.13. Top 25 Medication Variables from Gradient Boosting Machine for the 
outcome Firmicutes-to-Bacteroidetes ratio at 1 Year. Results shown 
for the 90% and 85% variable response models. Within those, the 
overall rank when considering all variable domains in shown, along 
with the ranking within the medication domain itself. Table 
Organized by medication rank for 90%. 

 90 Percent Variable 
Response 

85 Percent Variable 
Response 

Medication Overall 
Rank 

Medication 
Rank 

Overall 
Rank 

Medication 
Rank 

drug solution at 6 months  43 1 43 2 

vitamins and supplements at 1 year 122 2 140 3 

number of antifungal at 1 year 132 3 149 4 

number of acetaminophen at 3 months  137 4 154 5 

took antifungal at 1 year 139 5 156 6 

vitamin D at 1 year 140 6 157 7 

number of anti inflammatory  150 7 167 8 

took acetaminophen at 3 months  153 8 170 9 

took antibacterial at 1 year 156 9 172 10 

number of antibacterial at 1 year 158 10 174 11 

number of analgesic  217 11 20 1 

took ibuprofen at 3 months  190 12 205 12 

took antibacterial at 3 months  191 13 206 13 

number of antibacterial at 3 months  192 14 207 14 

took antifungal at 3 months  193 15 208 15 

number of antifungal at 3 months  194 16 209 16 

took antihelminthic at 3 months 195 17 210 17 

number of antihelminthic at 3 months  196 18 211 18 

took antiallergic at 3 months  197 19 212 19 

number of antiallergic at 3 months  198 20 213 20 

took acetaminophen at 6 months 199 21 214 21 

number of acetaminophen at 6 months  200 22 215 22 

took ibuprofen at 6 months  201 23 216 23 

number of ibuprofen at 6 months  202 24 217 24 

took antibacterial at 6 months  203 25 218 25 

4.5. Evaluation of Variables of Importance  

There are several caveats that must be considered for these results. The first 

being that while microbial ratios including the outcome taxa of interest were removed 
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from the dataset, there were still other microbial ratios included in the dataset. It is 

possible that the inclusions of these variables, which would be highly correlated given 

the relational composition of a gut microbial community, could have influenced the model 

and skewed the variable importance scores such that the highly ranked features are not 

interpretable. In future research, it would be good to compare results when removing all 

microbial data from the dataset.  

With that caveat in mind, the variables relating to medication did not score as 

high as variables relating to the lifestyle and home environment in the machine learning 

models, suggesting such latter variables may play a. more significant role. Scores for all 

variables included in the machine learning models can be found in Appendix C. Using a 

large, diverse dataset for this project is a benefit. Without the incorporation of diverse 

data domains, the fact that other domains of information may play a more significant role 

would not have been apparent. However, the goal of this project was not to create a 

perfect predictive model but rather to narrow down some of the most important potential 

factors associated with microbial dysbiosis, which then may warrant further study in 

more detail. 

 The outcome variables for the machine learning models are for the 3 month and 

1-year timepoints. Looking at the variable importance scores, one sees that there are 

medication use variables from birth, 3 months, 6 months and 1 year. The variables used 

for the predictions of the 3-month ratios were not limited to the variables collected before 

that timepoint, variables from all available timepoints were used. The situation was the 

same for the 1 year timepoint. This was done to avoid mistakenly assuming the 

directionality of any of the relationships, as it is still unclear whether it is illness or 

medication use impacting the microbiota or vice versa. Such directionality warrants 

further investigation through use of other methods that the Brinkman lab aims to explore 

in the future (See Future Directions). 

However, since this project focuses on the potential associations with 

medication, I examined the high-scoring variables within the medication domain. For all 

four microbial dysbiosis outcomes, vitamin D, antimicrobial, and analgesic use came up 

as important variables in the machine learning models. In this case “important” means 

that the inclusion of the variables would lower the RMSE of the machine learning 
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models, indicating better model performance when the variables in question were 

included to predict microbial dysbiosis ratios.  

Antimicrobials in the first year of life were not unexpected. It is a logical 

assumption that medications created to remove microbes would impact the gut 

microbiome. Looking at Tables 4.4 to 4.7 and Tables 4.10 to 4.13, antimicrobials come 

up between 4 to11 times out of 25 variables. However, it is notable that there were a 

large number of antimicrobial-related variables included in the model. This includes both 

variables describing specific antimicrobials (ex. Azithromycin use) and variables 

describing the use of the overarching medication class (ex. Antibacterial use at 6 

months).  

Analgesics were also notable, but not a surprise, as they are a very common 

medication class in the first year of life. Variables relating to analgesic use occur 

between 1 and 11 times as important variables shown in Tables 4.4 to 4.7 and Tables 

4.10 to 4.13. Note that, like antimicrobials, specific drugs were incorporated, such as 

acetaminophen, and the overarching drug class of analgesics. Both specific analgesics 

and the entire drug class came up in the variables of importance. 

Vitamin D showed up fewer times, only between 1-3 times. However, compared 

to the drug classes of antimicrobials and analgesics, there were not as many vitamin D-

related variables included in the model. Vitamin D impacts in the context of 

breastfeeding have been previously investigated in the CHILD Cohort Study, and an 

association with microbial shifts was identified for the taxa Lachnospiraceae and 

Rikenellaceae (Drall et al., 2020).  

When looking at the high scoring medication variables, one would see that these 

medications are very common medications for infants to be taking. For example, 

acetaminophen and vitamin D. The CHILD Cohort study has more variables relating to 

these medications, simply due to their abundance in infant populations. Mathematically, 

this could result in a sampling bias given that less common medications, such as 

salbutamol, do not have as many variables present in the dataset that describe their use. 

However, given the prevalence of antimicrobial, analgesic and vitamin D use in the infant 

population, these medications are still worth follow up analyses to investigate potential 

associations with the gut microbiome. A more detailed investigation into the three 
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specified medication classes/types (antimicrobials, analgesics, and vitamin D) is 

described in Chapter 5 of this thesis. 

  

4.6. Concluding Remarks 

From a technical perspective, the RMSE values of both the Random Forest and 

Gradient Boosting models indicate that the model as it currently stands should not be 

used as a predictive model. However, that was not the goal of this project, the models 

constructed here are meant to act as a baseline for identifying variables of potential 

importance that can be examined further. Future projects within the CHILD Cohort Study 

can use these values as baseline comparisons to evaluate model performance 

improvement as new information about weight and influence is added to the models. 

Regardless of the RMSE scores, these models could produce variable importance 

scores that could guide a more in-depth investigation into the relationship between 

medications in the first year of life and microbial dysbiosis measurements at three 

months and one year. It should be emphasized though that the inclusion of the 

microbiome data in these models may impact the interpretability of these results. The 

inclusion of microbiome data should therefore be avoided in future models to evaluate 

the impact of this inclusion. 

Antimicrobials, analgesics, and vitamin D were identified as medications with 

strong associations to the microbial dysbiosis outcomes based on the variable 

importance scores from both models. Evaluation of these models provides a preliminary 

prioritization strategy for medication and microbial dysbiosis associations requiring 

further investigation and the investigation of more causative factors associated with 

microbial dysbiosis. When evaluating the lists of variable importance, the results 

predicting the FB ratio are more consistent than those predicting the EB ratio. This may 

indicate that the FB ratio may have stronger associations with lifestyle events than the 

EB ratio. Going forward, the investigation will only focus on contextualizing the results 

within the FB ratio. 

When looking at the results of these models, what isn’t present is as important as 

what is present. From these results, we see no clear associations medications that 
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drastically shift an infant's microbiome toward FB or EB ratios that have previously been 

found to have negative associations with health in adult cohorts. This is reassuring as 

these results demonstrate no strong and obvious harmful associations between early life 

FB and EB ratios and medications.  
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Chapter 5.  
 
Exploration of the Association of Antimicrobial Use, 
Analgesic Use, And Vitamin D, With Microbial 
Dysbiosis. 

This chapter aims to further examine select high-scoring variables from the 

machine learning models outlined in Chapter 4, hypothesizing that the approach will 

identify specific medication use patterns associated with infant microbial dysbiosis. The 

methods used are summarized in Section 5.3. For all medications, I look at the 

differential abundance in the gut microbiota at the family and phylum levels. I also use 

the reasons for medication use dataset (Chapter 2) to compare medication use patterns. 

Finally, I use GlobeCorr (Chapter 3) and more traditional statistical techniques to explore 

correlations that a given medication use has with other information domains present in 

the dataset. Based on the initial analysis, I focused on analyses for three medications 

(Section 5.4): antimicrobials, analgesics, and vitamin D and their potential associations 

with microbial dysbiosis and differential abundance of gut microbial taxa.  

I completed all work outlined in this chapter.  

5.1. Abstract  

Characterizing patterns in medication use and microbial dysbiosis requires an in-

depth investigation of differential taxonomic abundance, medication habits and lifestyle 

correlations. From the results presented in Chapter 4, I selected three medication groups 

for further investigation based on their ability to predict microbial dysbiosis ratios in 

machine learning models antimicrobials, analgesics, and vitamin D.  For each 

medication group, differential microbial abundance was investigated using ANCOM-BC. 

Medication habits were analyzed using the curated dataset of reasons for medication 

use from the CHILD Cohort Study (Chapter 2). Finally, pairwise correlations were 

calculated using a diverse dataset of 1546 variables for 564 participants from the CHILD 

cohort study to investigate broader lifestyle associations with medication use. From this 

analysis, I identified associations with taxa abundance such as Lachnospiraceae and 

Rikenellaceae with the use of antimicrobials and vitamin D. The analysis of medication 
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habits and other correlated variables suggests that the use of any of these specified 

medications is a proxy for a lifestyle that tends to be high in medication use, which may 

make one more prone to microbial dysbiosis. Overall, these analyses will help direct 

research into more microbial functional hypotheses and provides a base for further 

investigations of the causative factors associated with microbial dysbiosis.   

5.2. Introduction 

A healthy microbiota is generally high in species diversity, maintains homeostasis 

and is compatible with the host’s diet, allowing an individual to thrive in their unique 

environment (McBurney et al., 2019.; Yatsunenko et al., 2012). While the composition 

and abundance of species vary from person to person and can change over the host's 

life, overall functionality remains relatively consistent (Tian et al., 2020). Carbohydrate 

metabolism is a well-explored and characterized functionality found in gut microbiota 

phyla such as Actinobacteria and Bacteroidetes (Macfarlane & Englyst, 1986; Ottman et 

al., 2012b). There are many carbohydrates ingested by humans that we do not have the 

enzymes to properly degrade ourselves. The fermentation processes performed by 

bacteria on these undigestible carbohydrates produce short-chain fatty acids (SCFA) 

that account for approximately 10% of the human caloric intake (den Besten et al., 

2013).  

While an infant’s microbial colonizers change dynamically over the first few 

months, their microbiota is still composed of the same major taxa in different proportions 

until they conform to a more adult diet (Walker, 2013). The major bacterial phyla in the 

infant microbiome are Firmicutes, Actinobacteria and Bacteroidetes. For healthy gut 

microbiotas, Actinobacteria and Firmicutes play a major role in short-chain fatty acid 

production pre and post-weaning, respectively (Odamaki et al., 2016; Rinninella et al., 

2019).  

In contrast to a healthy gut microbiome, microbial dysbiosis is a state that is often 

defined as an imbalance or change in the gut microbiome that differs from expected 

development. In particular, microbial dysbiosis is an imbalance that inhibits an 

individual's ability to thrive in their environment, usually due to the manifestation of some 

type of disease (Messer & Chang, 2018). There are many ways researchers have tried 

to quantify and characterize microbial dysbiosis. One of those ways is using ratios of the 
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different taxon in relation to a specific disease state. A common measure of microbial 

dysbiosis at the phylum level is the Firmicutes-to-Bacteroidetes FB ratio (Ley et al., 

2006).  

A low FB ratio has been associated with irritable bowel syndrome, while a high 

FB ratio has been associated with obesity (Stojanov et al., 2020). It is difficult to define 

“low” and “high” with exact values, as it can vary greatly depending on diet, geography, 

and age. However, in a European cohort, a FB ratio below 10.9 would be considered 

below average (Mariat et al., 2009). In the case of inflammatory bowel disease, the 

outlined microbial shifts would indicate a decrease in butyrate-producing bacteria, which 

includes members of the Firmicutes phylum (Vaiserman et al., 2020). Butyrate is used 

as a fuel source for colonocytes, the epithelial cells found in the colon. Without their fuel 

source, colonocytes cannot properly consume oxygen, and this can lead to an 

unfavourable environment for the commensal bacteria found in the gut (Litvak et al., 

2018). Without the proper commensal gut microbes, humans may be more susceptible 

to autoimmune disorders and other medication conditions (Wu and Wu., 2012) 

Furthermore, butyrate is required for proper gut barrier function and anti-inflammatory 

responses (Donohoe et al., 2011). 

Regarding obesity, Firmicutes can digest many carbohydrates that humans do 

not have the appropriate enzymes for (den Besten et al., 2013). The bacteria ferment 

carbohydrates and produce SCFA. However, the literature suggests the obesity 

phenotype is due to excess production of SCFA, leading to increased energy storage on 

the part of the host (Khan et al., 2016). 

Many established relationships between medication use and the microbiome 

have focused on adult cohorts. When considering the infant population, the most focus is 

on antibiotics and the infant gut microbiota. Previously, The CHILD Cohort Study found 

that increased antibiotic use in infancy was associated with the development of asthma, 

with the diversity of the gut microbiome being a potential modulator for this change. 

Mechanisitically, it is suggested that increased antibiotic usage decreases the presence 

of bacteria such as Faecalibacterium prausnitzii, which are important for the production 

of anti-inflammatory metabolites.(Patrick et al., 2020). The study by Patrick et al. is 

helping to address the need for more longitudinal studies to evaluate the impact of 

lifestyle on the development of the gut microbiota. The CHILD Cohort Study is well 
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placed to fill this knowledge gap because of its diverse dataset. Using this dataset has 

allowed for an exploration into the links between microbial dysbiosis and medication use 

and medication use and other lifestyle factors. Researchers can use these complex 

networks to identify relationships to help direct research towards more microbial 

functional hypotheses. 

5.3. Methods  

5.3.1. Differential Abundance 

To evaluate differential microbial abundance for subjects that have vs have not 

taken a specific drug, ANCOM-BC was used. ANCOM-BC is a tool to detect differential 

abundance in microbiome samples where the groups in question are not of equal size. 

For example, when there are more participants who have taken azithromycin as 

opposed to those who haven’t. ANCOM-BC is an improvement upon ANCOM-II. While 

both detect differential abundance, ANCOM-BC is based on a linear regression 

framework and can include confounders in the analysis, as well as output test statistics, 

p-values, corrected p-values and standard errors in addition to a true/false matrix for 

whether or not a taxon can be considered differentially abundant between 2 or more 

groups. Microbiome samples at family and phylum levels are suitable for the ANCOM-

BC analysis.  

When deciding on the variables that would be investigated for the ANCOM-BC 

analysis, any variables related to the medication in question were used. For example, if 

the question "number of analgesics" had been flagged from the machine learning 

analysis, that would not be the only variable included in the ANCOM-BC analysis for the 

analgesics, variables such as "acetaminophen taken" and "taken analgesics" would also 

be used. The total number of variables investigated for each ANCOM-BC analysis will be 

specified in the appropriate section. Multiple variables in each analysis made a p-value 

correction necessary to avoid the type I error inflation. For this, all analyses used a 

Bonferroni correction to correct the p-values. In all figures presented for the ANCOM-BC 

analysis, all taxa found to be significantly differentially abundant (corrected p< 0.05) are 

shown in the plots. If there is a taxonomic group absent from the plots at the family or 

phylum level, it was not found to be differentially abundant.  
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For each analysis, regardless of medication type, all models were corrected for 

the mode of delivery (vaginal vs cesarean), visit (3 months vs one year), and sex (male 

vs female). Default values were used for all other parameters in the model. In practice, 

integrating covariates into the regression model creates comparisons for the impact of 

the medication use for each level of the covariates. The use of regression accounts for 

the small groups that may arise when the data is stratified by multiple covariates.  

5.3.2. Correlation Globes  

The machine learning analysis used 1547 variables, as outlined in Chapter 4. As 

part of the follow-up analyses, I wanted to look at the relationships between these 

variables by looking at correlation patterns. To do this, I first calculated the pairwise 

correlations, using different methods as appropriate depending on the data. The 

methods used can be seen in Table 5.1. 

Table 5.1. Correlation Methods are used according to the variable's data type 
found in the curated dataset.  

 Continuous Ordinal  Binary 

Continuous Spearman Rank Tau B or Spearman 
Rank 

Point Biserial 

Ordinal Tau B or Spearman 
Rank 

Kendall’s Coefficient  Point Biserial 

Binary  Point Biserial Point Biserial Matthews Correlation 
Coefficient 

 

It would be difficult to visualize all correlations from the all-to-all correlations 

calculated from the 1547 variables. GlobeCorr starts to lag, and its dynamic features 

suffer. With large files, images become difficult to interact with when there are over 1000 

bands around the globe. Therefore, a random subset of 500 correlations was extracted 

and visualized using the GlobeCorr software to get an idea of overall trends. This was 

completed based on the assumption that a random subsample can capture prominent 

trends in the dataset as a whole. This correlation globe can be viewed in Figure 5.1. 

Many of the correlations in this subset are interdomain correlations. However, there is a 

notable crossover between the home environment, health domains, and medication and 

health domains. Correlations between medication use and healthcare are not surprising, 

as health issues are often treated with medication. Seeing correlations between 
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healthcare and home environment is also not unexpected as it has been well established 

that there can be significant correlations between home environment and health 

trajectories. Seeing results consistent with established trends is encouraging as it 

indicates that a robust cross-cohort comparison may be feasible due to baseline 

similarities.  
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Figure 5.1.  Random Subsample of 500 correlations with a correlation coefficient with an absolute value above 0.4. from 
the all against all correlation analysis using the 1547 variables used in the machine learning analysis. Positive 
correlations are shown with a blue ribbon. Negative correlations are shown in red. For smaller domains, the 
label is offset with an arrow indicating the proper label.
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For further analyses into the medications of interest (antimicrobials, analgesics 

and vitamin D), GlobeCorr was used to investigate variables correlated with a particular 

medication. Correlations would be shown in the globes as long as one of the variables in 

the correlation was one of the variables relating to medication use, as described in 

Section 5.3.1. Once all the correlations were identified, a minimum threshold for the 

correlation coefficient was applied in R to reduce the dataset. GlobeCorr is also able to 

filter visualizations based on correlation thresholds. Still, in this context, it was easier to 

reduce the dataset beforehand to avoid any lags on the GlobeCorr website that have 

been associated with larger datasets. The chosen thresholds were specific to each 

medication and will be declared in the following sections.  

Each variable relating to medication use was treated as its own domain. So, in 

the input csv, variable 1 would have the same value as var1_domain. This allowed for 

each medication variable to be represented by its own distinct arc around the 

circumference of the correlation globe. For other variables, they were organized into 

their domains as specified in Section 4.3.2. In the GlobeCorr portal, the domains were 

arranged so that all the medication variables were located on one part of the globe, and 

the non-medication variables were clustered on another. There is no functionality to add 

a "super-domain" in use cases like this, so another arc was added after the fact to 

indicate the "super-domain" of the medication variables. The domain labels were also 

adjusted outside of GlobeCorr to improve the clarity of the static visualizations. 

5.3.3. Medication Use Patterns 

I used the reasons for medication use data described in Chapter 2 to look at 

medication use patterns for the 564 subjects included in this analysis. Including the 

records for both children and mothers, we have reasons for medication use for 712 

different medications from prenatal to 5 years. For this analysis, I was only interested in 

acetaminophen, ibuprofen, hydrocortisone, amoxicillin, and vitamin D use in the first 

year. These medications were chosen as they are the most common ones taken in the 

first year of life, as identified in the paper by Bédard et al. 

For each of the three medications of interest from the machine learning models, 

which were antimicrobials, analgesics, and vitamin D, the subjects were divided into 

groups based on whether they had ever taken the medication. For example, one group 
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had taken vitamin D at any point in the first year, and one group had never taken vitamin 

D at any point in the first year. From there, the reasons for medication use for the top 5 

medications identified by Bédard et al. will be summarized for the two groups. After 

calculating the numbers for the two distinct groups, I calculated the difference between 

the two by subtracting the number calculated from the non-medication group from the 

number calculated for the medicated group. This would mean that if a reason for 

medication use had a higher number, it was a more common reason for use in the group 

that did take the medication of interest (ex., Vitamin D). If the number was negative, it 

was more common in the group that did not take the medication of interest. If the 

difference were zero, then we would see no difference between the two groups as it 

pertains to that reason for medication use. A visual description of this process can be 

seen in Figure 5.2. 
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Figure 5.2.  Example of calculation used for examing reasons for medication use. Example shows subjects being split 
into two groups based on the presence or abense of anitmicorbial useage in the first year. A summary of the 
gorups usage of acetaminophen for teething is shown and difference calculated. Numbers calculated based 
on data available for reasons for medication use. Numbers on the bottom axis represent quintiles of  bacterial 
ratios (either FB or EB) at the specified timepoint (3 months or 1 year). Quintile 1 would have subjects with the 
lowest values, with quintile 5  containing  subjects with the highest ratios. 
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5.4. Results and Discussion 

5.4.1. Antimicrobials  

Antimicrobial Use and Differential Abundance in Gut Microbiota Taxa 

Differential abundance, compared between groups of CHILD Cohort Study 

participants that did versus did not take any antimicrobial, was calculated using ANCOM-

BC as described in Section 5.3.1. To capture all reports of antimicrobial use in the first 

year of life for cohort participants, 41 variables were used. The full list of variables can 

be seen in Table B.9. Figures 5.3-5.5 show the results of the ANCOM-BC analysis. 

Figure 5.3 shows all taxa at the family level, organized by phylum that were found to be 

differentially abundant between groups that did and did not take the medication specified 

by the bar's colour. Declaration of differential abundance associated with the specified 

medication variable was only stated if the adjusted p-value was below 0.05 to account 

for multiple testing. However, for all variables shown for the antimicrobial comparisons, 

the n of the groups is barely within the threshold recommended by ANCOM-BC for 

comparison (ranging from n= 12-22). In Figure 5.3 the family level comparison is shown, 

and the phylum level is shown in Figure 5. 4 .Antibacterial use at one year, antibacterial 

use at three months, cephalosporin use at one year and crystal violet at three months 

were all identified as antimicrobials with associations to changes in the infant gut 

microbiome. Figure 5.3 is a summary figure, and its components are subsequently 

broken down into individual figures. Figure 5.5 shows differential abundance associated 

with crystal violet. Figure 5.6 shows all associations for the family Rikenellaceae. The 

other individual comparisons can be found as supplemental figures in the Appendix.  

In all figures presented for the ANCOM-BC analysis, all taxa found to be 

significantly differentially abundant (corrected p< 0.05) are shown in the plots. If there is 

a taxonomic group absent from the plots at the family or phylum level, it was not found to 

be differentially abundant. 
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Figure 5.3. ANCOM-BC Family Level Analysis Summary for Antimicrobial Medications. Analysis was performed using 
ANCOM-BC while correcting for gender, delivery mode and visit. The Y axis represents the differential 
abundance between groups that did and did not take the medication indicated in the legend with a log 2 fold 
change. The X axis shows the assigned taxonomic group. The analysis was run on information available at 
the family level, but has been organized into phylum groups for easier comparison. Red denotes the 
comparison for taking an antimicrobial at 1 year, orange the comparison for antimicrobials at 3 months. Blue 
is the comparison for cephalosporin users at 1 year and the purple is the comparision of crystal violet users 
at 3 months. All taxa found to be significantly differentially abundant (Bonferroni corrected p< 0.05) are 
shown in the plots.  
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Figure 5.4 ANCOM-BC Phylum Level Analysis Summary for Antimicrobial Medications. Analysis was performed using 
ANCOM-BC while correcting for gender, delivery mode and visit. The Y axis represents the differential 
abundance between groups that did and did not take the medication indicated in the legend with a log 2 fold 
change. The X axis shows the assigned taxonomic group. The analysis was run on information available at 
the phylum levelRed denotes the comparison for taking an antimicrobial at 1 year, orange the comparison for 
antimicrobials at 3 months. All taxa found to be significantly differentially abundant (Bonferroni corrected p< 
0.05) are shown in the plots. 
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As illustrated in Figure 5.4, there is a notable shift in the Bacteroidetes phylum, 

likely associated with the shift seen at the family level with the taxa Rikenellaceae, which 

is a member of the Bacteroidetes phylum as noted in Figure 5.3. When considering the 

known associations with FB ratio, and if the proportion of Firmicutes remains constant, a 

the decrease in Bacteroidetes  shown in Figure 5.4 could cause an increase in the FB 

ratio. Higher FB ratios have been previously linked to higher rates of obesity in both 

adult and child cohorts (Stojanov et al., 2020). In adults, it has been suggested that 

antibiotics modulate this link (Del Fiol et al., 2018). A discussion in the literature on 

whether this association would also be found in infants is lacking, however the results 

from this analysis suggest more research is needed to establish whether this link is 

present in infant cohorts and adults. I found no statistically significant associations 

between obesity and any of the four microbial dysbiosis ratios in this project. The 

number of antimicrobials taken in the first year of life also had no statistically significant 

correlation with metrics of obesity at 3 months, 1 year or 5 years.  

 

Figure 5.5.  Differential Abundance for gut microbial taxa between crystal violet 
users and non users at 1 year of life. Analysis was performed using 
ANCOM-BC while correcting for gender, delivery mode and visit. The 
log 2 fold change is shown along the Y axis, with standard error 
bars and the taxa (at the family level) with differential abundance 
(adj p <0.05) are shown along the X axis. All taxa found to be 
significantly differentially abundant (Bonferroni corrected p< 0.05) 
are shown in the plots.   
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To contextualize the discussion regarding crystal violet, note that the infant would 

have been reaching three months between 2009-2010, at which point crystal violet was 

recommended as a topical treatment for oral yeast infections in infants. Crystal violet is 

not strictly antibacterial and has antifungal and anti-helminthic properties. Looking at the 

reason for medication use data curated as described in Chapter 2, we see that oral 

yeast infections were the primary indication for crystal violet use in the CHILD Cohort. 

However, in 2019, crystal violet was removed from Canadian pharmacies due to its 

carcinogenic behaviour. So, any discussion about implementation or changes in crystal 

violet usage resulting from this analysis is purely academic as this medication is no 

longer in use.  

In Figure 5.3 and 5.5, we see that Lachnospiraceae, a member of the Firmicutes 

phylum, has an increased abundance associated with using crystal violet at three 

months. Previous literature has associated an increase in Lachnospiraceae with an 

increase in obesity. In this project, obesity was represented using BMI, which is 

calculated by dividing a subject’s mass in kg by their height in meters squared 

(BMI=kg/m2). However, BMI is not considered a valid marker of obesity in subjects under 

two years old (CDC, 2015). Regardless, an analysis was run to see if there was any 

correlation between Lachnospiraceae and the metric of BMI in infants. No statistically 

significant association between BMI and Lachnospiraceae levels was found in this 

project. It is worth noting that an increase in Lachnospiraceae has also been associated 

with an increase in anti-inflammatory responses due to their role in SCFA production. 

Based on the information available in the literature, we cannot say whether the increase 

in Lachnospiraceae associated with the use of crystal violet is strictly favourable or 

unfavourable. Previous research has associated antibacterial use in infants with 

decreased Lachnospiraceae (Ramirez et al., 2020). The other taxa with differential 

abundance associated with crystal violet usage at three months are Pasteurellaceae. A 

decrease in Pasteurellaceae has previously been associated with a decrease in gut 

inflammation in an adult cohort. Given only this association, this would be the preferable 

shift for this taxon. The varying associations with Lachnospiraceae abundance, 

combined with the favourable decrease in Pasteurellaceae, make it difficult to say 

definitively whether or not the use of crystal violet at three months is associated with 

favourable or unfavourable changes in the infant gut microbiome. 
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Figure 5.6.  Differential abundance in the Rikenellaceae family associated with 
antimicrobial usage. Analysis was performed using ANCOM-BC 
while correcting for gender, delivery mode and visit. The log 2 fold 
change is shown along the Y axis, with standard error bars. and the 
taxa with differential abundance (adj p <0.05) are shown along the X 
axis. Red denotes the comparison for taking an antimicrobial at 1 
year, orange the comparison for antimicrobials at 3 months. Blue is 
the comparison for cephalosporin users at 1 year.  

The family Rikenellaceae was found to have associations with three different 

variables relating to the use of antimicrobials in the first year of life,as seen in Figure 5.6. 

As previously stated, this decrease in a member of the Bacteroidetes family could 

indicate a shift towards a more obese phenotype, assuming the Firmicutes abundances 

remain unchanged. More specifically, the taxa Rikenellaceae has been associated with 

increased obesity in adult cohorts (Stojanov et al., 2020; Vallianou et al., 2021). 

However, no significant association between Rikenellaceae and BMI was established in 

this project. The medications associated with this shift in Rikenellaceae abundance are 

not unexpected. Cephalosporin is known to decrease the abundance of gram-negative 

bacteria such as Rikenellaceae. However, the association of cephalosporin with 

microbial abundance shifts linked to obesity phenotypes is novel as literature has 

focused on the association between cephalosporin and how it increases the chances for 



106 

Clostridium difficile infections and the development of vancomycin-resistant 

Enterococcus (Bhalodi et al., 2019).  

Overall, through the lens of differential abundance in the gut microbiome, this 

study did not find a significant correlation between the Firmicutes-to-Bacteroidetes ratios 

at 3m or 1y with their corresponding BMI measures, even though it has been previously 

established in other adult cohorts. However, the directionality in the shifts of taxonomic 

abundance associated with antimicrobial use in infants is consistent with the expected 

changes associated with obesity in adults. This study provides a novel insight into the 

potential linkage between the antimicrobial use in infants and the outcome of obesity by 

associating it with changes in the early life gut microbiota. This helps build upon known 

connections between FB and obesity, providing early life medication use as a possible 

explanation for the difference in microbial abundance. However, the use of an 

antimicrobial itself was not found to have a statistically significant impact on the FB ratio 

at any time point under study. When investigating the impact of antimicrobials, we see 

that trends that have been well established in adult microbiomes are also occurring in 

infant microbiomes, such as the impact of cephalosporin on the Rikenellaceae family. 

Regardless of the outcome, this study also addresses the need for more region-specific 

longitudinal studies to characterize the gut microbiome throughout one’s lifespan. 

Reasons for Medication Use in Antimicrobial and Non-Antimicrobial Users 

The comparison in medication use patterns for CHILD cohort participants that 

never used an antimicrobial vs used an antimicrobial at any point during the first year 

can be seen in Figure 5.7. For most of the figure, we see that the cells are yellow, 

indicating that the differences between the two groups are very close to zero. 

Contextually, this would mean that regardless of their choice to use an antimicrobial, 

their habits regarding medicating for other adverse events are similar. Furthermore, 

there appear to be few instances where there is a higher proportion of one group at the 

extremes of the Firmicutes-to-Bacteroidetes ratio (indicated at the bottom of each panel 

from 1-5). Figure 5.7 shows the associations with the Firmicutes-to-Bacteroidetes ratio; 

the other ratios' figures can be found in the supplementary figures in Appendix A. 

There are some notable differences when looking at lower bins for the 

Firmicutes-to-Bacteroidetes ratios and acetaminophen use. We see that for teething, 

fevers and discomfort, the group that took antimicrobials has more members that are 
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also giving acetaminophen for the aforementioned symptoms. It is possible that this can 

be explained by an overall increase in medication use linked to antimicrobials. 
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Figure 5.7. Quintiles for FB_1y and medication patterns for top 5 most common medications Each facet represents a 
separate medication, and the rows potential reasons for usage. Within the facets, rows represent bins of 
subjects (n=564) based on their EB ratio at 1y. Subjects in cluster 1 have the lowest ratios, 5 the highest. 
Colour scale indicates which group tends to use a medication for a specific reason. Red indicates more 
common in the antimicrobial usage group, blue is the non antimicrobial usage group
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Interdomain Correlations associated with Antimicrobial Use 

Looking at the correlation globe in Figure 5.8, we see an overwhelming number 

of positive correlations, especially with other medications. Based on this observation, I 

performed a Wilcoxon test to determine whether there was any statistically significant 

association between taking an antimicrobial at any point in the first year of life and the 

total number of medications taken over that same period. I was able to confirm a 

statistically significant relationship (p<0.05) between having taken an antimicrobial and 

the total number of medications taken in the first year. However, the total number of 

medications did not correlate with any of the measures of microbial dysbiosis or the 

microbial dysbiosis quintiles depicted in Figure 5.7. 
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Figure 5.8. GlobeCorr Diagram for variables correlating with antimicrobial usage. All correlations are shown in the 
correlation coefficient was above 0.4. Positive correlations are indicated with blue ribbons, negative 
correlations are shown with red ribbons,
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5.4.2. Analgesics  

Analgesic Use and Differential Abundance in gut microbiota taxa 

Due to the n of the groups being below what ANCOM-BC recommends for 

effective normalization for differing sample sizes, this study found no associations 

between analgesic use and differentially abundant taxa. Very few associations have 

been identified to date when looking at the literature, so this is not an uncommon or 

unexpected outcome. However, the research that does exist on the impact of analgesics 

on the microbiome once again focuses on the adult microbiome as opposed to the infant 

microbiome. Some known associations with analgesic use in adults include associations 

between Eysipelotrichaceae, Verrucomicrobia and, Butyvibrio (Yun et al., 2017). More 

specific relationships have been identified between ibuprofen and Acidaminococcaceae, 

Enterobacteriaceae, Propionibacteriaceae, Pseudomonaceae and, Rikenellaceae in 

adult gut microbiomes (Rogers & Aronoff, 2016). 

To follow up on the lack of statistically valid associations between taxa and 

specific analgesics, the total number of analgesics taken in the first year of life was 

compared to the four microbial dysbiosis ratios. No statistically significant associations 

were identified. This may be partly due to the prevalence of analgesic use in infants. 

Analgesics were the most common class of medication taken by infants in the first year 

of life, which could be why it is difficult to get a large enough control group to compare 

the differential abundance between children that did and did not take specific analgesics 

in the first year of life. The lack of statistically significant follow-up analyses does not 

necessarily invalidate its inclusion in the variables of importance from the machine 

learning models. Analgesic use shows up in the machine learning results, likely due to 

its association with overall medication use. 

Reasons for Medication Use in Analgesic and Non-Analgesic Users 

Looking at trends in medication use for analgesic and non-analgesic users in 

Figure 5.9, we see that acetaminophen appears to be more frequently used than 

ibuprofen in the first year of life. From a healthcare and policy perspective, this is a 

positive result, as current guidelines recommend using acetaminophen over ibuprofen 

for infants (Government of Canada, 2016). This is a helpful observation when looking to 
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characterize the CHILD Cohort, as it indicates the parents in our group are (intentionally 

or unintentionally) following recommended guidelines regarding their children. 

There appears to be a diverse array of symptoms that parents have chosen to 

use acetaminophen for their children. It is impossible to state from this data whether this 

qualifies as “overuse” of acetaminophen by the group. However, it does justify further 

examining the ways parents decide to use acetaminophen with their infants. However, 

no statistically significant associations existed between the number of analgesics and 

any microbial dysbiosis ratios used. Furthermore, there was no statistically significant 

association between the FB quintiles and the total number of medications at three 

months or one year. 
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Figure 5.9.  Quintiles for FB_1y  and medication patterns for top 5 most common medications Each facet represents a 
separate medication, and the rows potential reasons for usage. Within the facets, rows represent bins of 
subjects (n=564) based on their EB ratio at 1y. Subjects in cluster 1 have the lowest ratios, 5 the highest. 
Colour scale indicates which group tends to use a medication for a specific reason. Red indicates more 
common in the analgesic usage group, blue is the non-analgesic usage group.
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Interdomain Correlations associated with Analgesic Use   

When looking at the interdomain correlations associated with analgesic use in Figure 

5.10, there are many negative correlations with variables in the healthcare domain. This 

is surprising as these variables include information such as the number of fevers, 

generic infections, headaches etc. This healthcare information is all from the reasons for 

medication use dataset outlined in Chapter 2, so it was expected that the use of 

analgesics would positively correlate with the reports of medicated health issues. 

However, the negative correlation would imply that as the number of analgesics taken 

goes up, the health incidents decrease. This may imply that the high number of 

analgesics taken is linked to using these medications for maintenance and preventative 

purposes rather than for treatment of manifested symptoms. As with antimicrobials, a 

statistically significant correlation (adj p <0.05) was identified between having ever taken 

an analgesic in the first year of life and the total number of medications taken in that 

same period. 
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Figure 5.10.  GlobeCorr Diagram for variables correlating with analgesic usage. All correlations are shown in the 
correlation coefficient was above 0.4. Positive correlations are indicated with blue ribbons, negative 
correlations are shown with red ribbons. 
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5.4.3. Vitamin D  

Vitamin D Use and Differential Abundance in gut microbiota taxa 

Differential abundance compared between groups of CHILD Cohort Study 

participants that did vs did not take any vitamin D was calculated using ANCOM-BC as 

described in Section 5.3.1. To capture all reports of vitamin D use in the first year of life 

for cohort participants, eight variables were used. The full list of variables can be seen in 

Table B.12. Figures 5.11-5.14 show the results of the ANCOM-BC analysis. Figure 5.11 

shows all taxa that were found to be differentially abundant between groups that did and 

did not take the medication specified by the bar's colour at the family level, organized by 

phylum. The phylum level comparison can be seen in Figure 5.12. Declaration of 

differential abundance associated with the specified medication variable was only stated 

if the adjusted p-value was below 0.05 to account for multiple testing. Taking vitamin D 

at three months and having vitamin D supplementation at one year were associated with 

changes in the infant gut microbiome. Figures 5.11 and 5.12 are summary figurse, and 

their components are subsequently broken down into individual figures. Figure 5.13 

shows differential abundance associated with taking vitamin D at three months, and 

Figure 5.14 shows the associations for vitamin D supplementation by one year.



117 

 

Figure 5.11.  ANCOM-BC analysis at the family level for Vitamin D. Analysis was performed using ANCOM-BC while 
correcting for gender, delivery mode and visit. The Y axis represents the differential abundance between 
groups that did and did not take the medication indicated in the legend. The X axis shows the assigned 
taxonomic group. The analysis was run on information available at the family level, but has been organized 
into phylum groups for easier comparison. Red is for Vitamin D taken at 3 months, and Purple is for vitamin D 
given as a supplement at 1 year. All taxa found to be significantly differentially abundant (Bonferroni 
corrected p< 0.05) are shown in the plots.  

Actinobacteriota Firmicutes Proteobacteria

C
o
ri
o
b
a
c
te
ri
a
c
e
a
e

E
g
g
e
rt
h
e
ll
a
c
e
a
e

E
ry
s
ip
e
lo
tr
ic
h
a
c
e
a
e

L
a
c
h
n
o
s
p
ir
a
c
e
a
e

O
s
c
il
lo
s
p
ir
a
c
e
a
e

P
e
p
to
s
tr
e
p
to
c
o
c
c
a
c
e
a
e

P
e
p
to
s
tr
e
p
to
c
o
c
c
a
le
s
−
T
is
s
ie
re
ll
a
le
s

V
e
il
lo
n
e
ll
a
c
e
a
e

P
a
s
te
u
re
ll
a
c
e
a
e

−0.5

0.0

0.5

Taxa

L
o

g
 f

o
ld

 c
h

a
n

g
e

Variable

Vitamin D Taken at 3 Months Vitamin D Given as Supplement (1y)

Vitamin D Impacts on Microbiome at Family Level



118 

 

Figure 5.12. ANCOM-BC analysis at the Phylum level for Vitamin D. Analysis was performed using ANCOM-BC while 
correcting for gender, delivery mode and visit. The Y axis represents the differential abundance between 
groups that did and did not take the medication indicated in the legend. The X axis shows the assigned 
taxonomic group. The analysis was run on information available at the phylum level. Red is for Vitamin D 
taken at 3 months, and Purple is for vitamin D given as a supplement at 1 year. All taxa found to be 
significantly differentially abundant (Bonferroni corrected p< 0.05) are shown in the plots. 
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In Figure 5.11 6 of the identified taxa are members of the Firmicutes phylum, 

Erysipelotrichaceae, Lachnospiraceae, Peptostreptococcaceae, Peptostreptococcales-

Tissierellales, and Veillonellaceae. Of these, 5 are shown to decrease in abundance with 

the associated medication variables. Under the assumption that members of the 

Bacteroidetes phylum stay consistent, this would decrease the Firmicutes-to-

Bacteroidetes ratio. A decreased FB ratio has been negatively associated with obesity in 

previous literature, and the usage of vitamin D has also been associated with lower rates 

of obesity (Filgueiras et al., 2020). However, no statistically significant correlation was 

found between the differentially abundant taxa and BMI. While a decreased FB ratio has 

been negatively associated with obesity, it has been positively associated with a pro-

inflammatory phenotype. Of particular interest in the family Lachnospiraceae. As short-

chain fatty acid producers, this group is essential for modulating inflammatory responses 

and ensuring that those infants do not develop a pro-inflammatory phenotype.
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Figure 5.13.  Differential Abundance for gut microbial taxa between Vitamin D users (n=706) and non users (n=422) at 3 
months of life. Analysis was performed using ANCOM-BC while correcting for gender, delivery mode and 
visit. The log 2 fold change is shown along the Y axis, with standard error bars and the taxa (at the family 
level) with differential abundance (adj p <0.05) are shown along the X axis. All taxa found to be significantly 
differentially abundant (Bonferroni corrected p< 0.05) are shown in the plots.  
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Figure 5.14.  Differential Abundance for gut microbial taxa between vitamin D supplement users (n=538) and non users 
(n=590) at 1 year of life. Analysis was performed using ANCOM-BC while correcting for gender, delivery mode 
and visit. The log 2 fold change is shown along the Y axis, with standard error bars and the taxa (at the family 
level) with differential abundance (adj p <0.05) are shown along the X axis. All taxa found to be significantly 
differentially abundant (Bonferroni corrected p< 0.05) are shown in the plots.  
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It is important to contextualize these results with other studies looking at the 

relationship between vitamin D at different points of development and in different 

metabolic forms. Vitamin D can be obtained in 3 ways. Vitamin D can be found in food, 

and in Canada, many dairy products are supplemented with it. Vitamin D supplements 

are also available in liquid dropper form for infants. Vitamin D can also be metabolically 

produced after the skin comes in contact with the sun. However, vitamin D is not 

automatically in a metabolically active form. It must first go to the liver, where it is 

converted to 25-hydroxyvitamin D, and to the kidney, where it becomes 1,25-

hydroxyvitamin D and can then go on and perform its various roles. 

In this study, taking a vitamin D supplement was found to have associations with 

microbiome changes. Figures 5.11, 5.13, and 5.14 show that a decrease in the family 

Lachnospiraceae is associated with vitamin D usage and supplementation. A previous 

project in the CHILD Cohort Study also found that maternal prenatal vitamin D 

supplementation was associated with a decrease in Lachnospiraceae in exclusively 

breastfed infants at three months (Drall et al., 2020). There have been other studies that 

have looked at vitamin D at different stages that have contrasting results. For example, a 

US cohort study found that prenatal 25-hydroxyvitamin D (the form vitamin D takes after 

being metabolized in the liver) is associated with an increase in the abundance of 

Lachnospiraceae in infants (Kassem et al., 2020). This finding and comparing it to the 

findings in this project and the other study in the CHILD cohort project bring up an 

important consideration for microbiome and lifestyle studies as there are many possible 

explanations for these differences that must be considered. 

In the prenatal US study, it could be that high levels of 25-hydroxyvitamin D 

impact the overall health status of the mother, which in turn alters the development of 

the infant’s microbiome. In this study, the microbial associations were made with the 

variables asking whether or not the infant and any kind of vitamin D supplementation. 

While we know that taking vitamin D could increase the amount of vitamin D in the 

infant’s system, the decision to use vitamin D may also be correlated to other lifestyle 

factors that interact with the infant’s developing microbiome. For example, in Figure 5.12 

and Figure 5.13, we see a decrease in the abundance of the phylum actinobacteria 

associated with vitamin D taken at three months. Bifidobacteria make up a large 

component of the actinobacteria phylum found in infants and a decrease in 

Bifidobacteria has also been found in formula-fed infants (Ottman et al., 2012). Another 
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possibility put forward by Yamamoto and Jørgensen is that vitamin D doesn’t impact the 

microbiota but different immunoregulatory properties, which contributes to microbiome 

shifts (Yamamoto & Jørgensen, 2020). Regardless, these results suggest that more 

research is needed to better characterize the most effective vitamin D supplementation 

strategies for microbiome trajectories. 

This study analyzed vitamin D because this medication was flagged during the 

machine learning analyses. Vitamin D usage was associated with several taxonomic 

shifts in the infant gut microbiome. However, comparing these results to other studies 

looking at vitamin D usage and metabolism pre and postnatally, there is a wide range of 

impacts. More research is required to fully describe the associations between vitamin d 

usage, vitamin D metabolism, lifestyle, and the implications for the infant microbiome.  

Reasons for Medication Use in Vitamin D and Non-Vitamin D Users 

The comparison in medication use patterns for CHILD cohort participants that 

never used vitamin D vs used vitamin D at any point during the first year can be seen in 

Figure 5.15. It is recommended that infants receive 400 IU of vitamin D per day to 

ensure proper bone growth and avoid diseases such as Ricketts (Canadian Pediatrics 

Society, n.d.). Another well-established recommendation for infants is that 

acetaminophen should be used as opposed to ibuprofen when giving analgesics. Similar 

to the outlined observations for analgesics in Section 5.4.2. When looking at patterns in 

acetaminophen and vitamin D supplementation, it appears that if parents follow 

recommendations for one of the medications, they follow it for the other. 

The difference between vitamin D users and non-users is highest when looking 

at the use of acetaminophen for teething symptoms. The use of a medication to treat 

teething symptoms is an example of “maintenance” medication use, where there is not 

actually anything wrong with the infant that requires fixing via medication. Teething is a 

natural part of the developmental process. Likewise, the supplementation of vitamin D is 

a maintenance/preventative medication usage. This suggests that there may be a group 

of parents more liberal in their medication use than others. This medication lifestyle 

could manifest for various reasons, the full characterization of which would be outside 

the scope of this master’s thesis. 
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Figure 5.15. Quintiles for FB_1y and medication patterns for top 5 most common medications Each facet represents a 
separate medication, and the rows potential reasons for usage. Within the facets, rows represent bins of 
subjects (n=564) based on their FB ratio at 1y. Subjects in cluster 1 have the lowest ratios, 5 the highest. 
Colour scale indicates which group tends to use a medication for a specific reason. Red indicates more 
common in the Vitamin D usage group, blue is the non Vitamin D usage group.
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Interdomain Correlations associated with Vitamin D  

Correlations with vitamin D variables can be seen in Figure 5.16. Unlike with 

antimicrobials and analgesics, taking vitamin D at any point in the first year did not 

significantly correlate with the total number of medications taken in the first year. 

Considering the observations made from the previous sections, it is interesting that most 

of the strong correlations are with other medications and healthcare variables such as 

number of hospital visits and incidents of common colds. There are very few links 

between variables relating to the infant and the mother. We also see this trend in Figure 

5.1, where a random subset of correlations is shown. This is another incident the 

importance of what we don’t see. No correlations in this globe immediately help clarify 

the complex and multifactorial relationship between infant supplementation of vitamin D 

and the infant microbiome. However, the abundant positive correlations with other 

medications may help to further characterize the liberal medication lifestyle that was 

hypothesizes based on the results in Section 5.4.2. 
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Figure 5.16. GlobeCorr Diagram for variables correlating with Vitamin D usage. All correlations are shown in the 
correlation coefficient was above 0.4. Positive correlations are indicated with blue ribbons, negative 
correlations are shown with red ribbons. 
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5.5. Concluding Remarks   

In recent literature reviewing the current state of understanding for microbiome 

development, there is a call for more region-specific longitudinal studies. The CHILD 

Cohort Study is well situated to help fill this knowledge gap. The results obtained from 

this project helped lay the foundation for more targeted analyses surrounding the 

relationship between medication use and microbiome development in infants. When 

shifting from an investigation into the differential abundance to more general medication 

use habits in this cohort, there are some notable observations. Having taken an 

antimicrobial or an analgesic at any point in the first year had a statistically significant 

(adj p< 0.05) correlation between the medication class ever being taken and the total 

number of medications taken. Given that the use of these medication classes was 

flagged by the machine learning models but failed to show any statistically significant 

correlations to microbial dysbiosis or obesity outcomes, it is possible that taking an 

analgesic or antimicrobial is a proxy for a lifestyle that tends to be high in medication use 

overall. However, due to its multifactorial nature, further research is required. 

Furthermore, when examining how and what medications are used, it appears 

that the parents in the CHILD Cohort Study are acting in accordance with recommended 

guidelines. Whether this is intentional or coincidental is unknown. There are more 

reports of acetaminophen usage than ibuprofen, which is the preferred trend based on 

healthcare recommendations. Vitamin D supplementation is also recommended for 

infants, and we see that the group supplementing with vitamin D is also using more 

acetaminophen than the non-vitamin D using counterparts. If these habits are not a 

coincidence and result from proper education around the current best practices for 

medication use in infancy, then this indicates that we are currently employing effective 

strategies for parental education and that these strategies can be implemented in the 

future to help disseminate results from the CHILD Cohort Study. 

However, it does not avoid the common pitfalls of microbiota and disease 

association studies. It is very difficult to claim causation in many of these relationships. 

At its most simple, these situations are a three-way relationship, we have the illness or 

adverse event requiring medication, we have the act of taking the medication, and we 

have the microbiota shifts. In some cases, it may be that there is a direct impact of the 

drug on the microbiome, and this shift in the microbiome induces a disease. However, 
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there are cases where the disease creates a shift in the microbiome, and the drug taken 

to treat the condition has no impact. In the case of infant colonization, it is possible that 

mothers taking supplements have healthier pregnancies and are less likely to deliver 

prematurely. In this case, it may be that the fact they are able to carry the baby to term 

impacts the microbiome and not the vitamin supplements. With the methods employed in 

this project, it is impossible to identify any causal or directional relationships. However, 

the establishment of potential associations is a helpful first step for future work to 

evaluate causal relationships.  
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Chapter 6.  
 
Conclusion 

6.1. Summary  

This project aimed to examine medication practices' impacts on infant microbial 

dysbiosis and associated child outcomes. This project helps address the need for 

region-specific longitudinal studies of the gut microbiome throughout one's lifespan. To 

do this, ontologies were applied to a dataset describing reasons for medication use. This 

data had been collected as user-supplied free text but having access to properly cleaned 

and organized data describing reasons for medication use had several advantages both 

for this project and for collaborative projects within the CHILD Cohort Study. These 

collaborative projects include evaluating medication usage for infants in the first year of 

life and the medication habits of mothers and supplying the justifications provided for the 

medication usage. In future, this data can be made available through CHILDdb to 

streamline analyses for other researchers across Canada. This study provides variables 

that can be used to incorporate health outcomes in machine learning models built to 

identify influencers of microbial dysbiosis.  

A wide variety of variables were included in the machine learning models. To 

better visualize the relationships between these variables, the visualization tool 

GlobeCorr was created. This tool helps to create interactive, dynamic visualization of 

large correlation datasets. This tool was made available at GlobeCorr.ca, and in addition 

to curating examples, I contributed to developing static content and learning resources 

on the site. Conclusions drawn from these visualizations helped to complement the 

results from the machine learning models.  

The machine learning models were built to try and identify influencers of the FB 

ratio and EB ratio at three months and one year, as these ratios have been previously 

associated with negative health outcomes. The goal when building these models was 

not to create a tool that would predict microbial dysbiosis ratios but to help identify 

potential medication practices that may influence these outcomes. The machine learning 

models identified antimicrobials, analgesics and vitamin D as medications with potential 

associations to microbial dysbiosis.  
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After investigating these medications further, the results from this research 

suggest that trends present in adult microbiomes are also found in infant microbiomes. 

This is significant as it provides insight into where actionable windows of change might 

be present at different life stages. There were no direct statistically significant 

associations between medication classes and microbial dysbiosis. This may suggest that 

medication use, particularly antimicrobial and analgesic, can be used as an overall proxy 

for a lifestyle more prone to microbial dysbiosis. However, more research is needed to 

characterize the links between medication use fully, metabolism, and lifestyle to identify 

the most effective intervention points for preventing microbial dysbiosis. 

6.2. Future Directions  

The work completed in this thesis project lays a foundation for further 

investigation into the links between medication use and microbiome development in the 

CHILD cohort. Improvements can be made to the machine learning models to try and 

improve predictive power. Potentially, more research can be done into establishing 

normal and abnormal ranges of microbial dysbiosis ratios to bin participants into 

"preferable" and "non -preferable" taxonomic ratios. Setting up the data as such would 

allow for the creation of Random Forest or machine learning classifiers instead of 

regression models. The accuracy metric could then be evaluated, and it is possible that 

by binning the subjects into more biologically relevant groups, the most important 

variables are easier to spot and identify with statistically significant correlations.  

The results of this project can contribute to ongoing CHILD Cohort Study 

Projects. The standardization of reasons for medication uses and its application to 

reasons for hospital visits is being made available to other CHILD cohort researchers to 

create a definition of a "healthy child." A complimentary study looks to characterize 

overall lifestyles associated with microbial dysbiosis. The information collected regarding 

medication use practices for antimicrobials, analgesics and vitamin D can be used to 

add dimension and more robustly characterize different groups of cohort participants.  

This project was mainly exploratory, which is a necessary step when attempting 

to characterize relationships, as techniques such as Structural Equation Modelling 

(SEM) can only test relationships the researcher has previously identified. SEM is a 

multivariate statistical technique. Running these models will give distinct p values for 
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each relationship, allowing the researcher to determine if the association is significant 

and, if so, the magnitude of its impact. The CHILD Cohort Study has previously 

employed SEMs to establish relationships between microbial dysbiosis and asthma 

(Patrick et al., 2020). Going forward, Geoff Winsor of the Brinkman Lab will be focusing 

on employing SEM to answer questions surrounding early life exposures, gut 

microbiome and child health. This project's results can help guide the formation of these 

SEM. 

An option to further characterized this data would be to employ the ARISTOTLE 

method developed by Mansouri et al. to evaluate the associations identified in this 

project (Mansouri et al., 2022). While the SEM outlined above requires some a priori 

decision-making about what relationships to include, a hallmark of ARISTOTLE is that it 

can take large, multi-omics datasets and reduce them down to more manageable 

clusters, assign weights to the variables, filter based on variable weight, and then 

evaluate probable causes based on groups of heavily weighted features. Overall, a 

combination of the SEM and ARISTOTLE methods would be a suitable direction to 

complement the results of this project.  
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Appendix A.  
 
Supplemental Figures 

 

Figure A.1. Log of Predicted Enterobacteriaceae-to-Bacteroidaceae ratios vs 
Log of True Enterobacteriaceae-to-Bacteroidaceae ratios at 3 
months using the random forest model with the variables at least 
85% complete.Each panel represents the predictions using one of 
the five imputed datasets, as indicated by the banner at the top of 
the panel. Log scales used to improve visibily of data across a wide 
range of values. 
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Figure A.2.  Log of Predicted Enterobacteriaceae-to-Bacteroidaceae ratios vs 
Log of True Enterobacteriaceae-to-Bacteroidaceae ratios at 1 
yearusing the random forest model with the variables at least 85% 
complete.Each panel represents the predictions using one of the 
five imputed datasets, as indicated by the banner at the top of the 
panel. Log scales used to improve visibily of data across a wide 
range of values. 
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Figure A.3. Log of Predicted Firmicutes-to-Bacteroidetes ratios vs Log of True 
Firmicutes-to-Bacteroidetes ratios at 3 months using the random 
forest model with the variables at least 85% complete.Each panel 
represents the predictions using one of the five imputed datasets, 
as indicated by the banner at the top of the panel. Log scales used 
to improve visibily of data across a wide range of values. 
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Figure A.4. Log of Predicted Firmicutes-to-Bacteroidetes ratios vs Log of True 
Firmicutes-to-Bacteroidetes ratios at 1 yearusing the random forest 
model with the variables at least 85% complete.Each panel 
represents the predictions using one of the five imputed datasets, 
as indicated by the banner at the top of the panel. Log scales used 
to improve visibily of data across a wide range of values. 
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Figure A.5. Log of Predicted Enterobacteriaceae-to-Bacteroidaceae ratios vs 
Log of True Enterobacteriaceae-to-Bacteroidaceae ratios at 3 
months using the random forest model with the variables at least 
90% complete.Each panel represents the predictions using one of 
the five imputed datasets, as indicated by the banner at the top of 
the panel. Log scales used to improve visibily of data across a wide 
range of values. 
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Figure A.6. Log of Predicted Enterobacteriaceae-to-Bacteroidaceae ratios vs 
Log of True Enterobacteriaceae-to-Bacteroidaceae ratios at 1 
yearusing the random forest model with the variables at least 90% 
complete.Each panel represents the predictions using one of the 
five imputed datasets, as indicated by the banner at the top of the 
panel. Log scales used to improve visibily of data across a wide 
range of values. 
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Figure A.7.  Log of Predicted Firmicutes-to-Bacteroidetes ratios vs Log of True 
Firmicutes-to-Bacteroidetes ratios at 3 months using the random 
forest model with the variables at least 90% complete.Each panel 
represents the predictions using one of the five imputed datasets, 
as indicated by the banner at the top of the panel. Log scales used 
to improve visibily of data across a wide range of values. 
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Figure A.8. Log of Predicted Firmicutes-to-Bacteroidetes ratios vs Log of True 
Firmicutes-to-Bacteroidetes ratios at 1 yearusing the random forest 
model with the variables at least 90% complete.Each panel 
represents the predictions using one of the five imputed datasets, 
as indicated by the banner at the top of the panel. Log scales used 
to improve visibily of data across a wide range of values. 
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Figure A.9. Log of Predicted Enterobacteriaceae-to-Bacteroidaceae ratios vs 
Log of True Enterobacteriaceae-to-Bacteroidaceae ratios at 3 
months using the gradient boosting model with the variables at least 
85% complete.Each panel represents the predictions using one of 
the five imputed datasets, as indicated by the banner at the top of 
the panel. Log scales used to improve visibily of data across a wide 
range of values. 
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Figure A.10. Log of Predicted Enterobacteriaceae-to-Bacteroidaceae ratios vs 
Log of True Enterobacteriaceae-to-Bacteroidaceae ratios at 1 
yearusing the gradient boosting model with the variables at least 
85% complete.Each panel represents the predictions using one of 
the five imputed datasets, as indicated by the banner at the top of 
the panel. Log scales used to improve visibily of data across a wide 
range of values. 
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Figure A.11. Log of Predicted Firmicutes-to-Bacteroidetes ratios vs Log of True 
Firmicutes-to-Bacteroidetes ratios at 3 months using the gradient 
boosting model with the variables at least 85% complete.Each panel 
represents the predictions using one of the five imputed datasets, 
as indicated by the banner at the top of the panel. Log scales used 
to improve visibily of data across a wide range of values. 
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Figure A.12. Log of Predicted Firmicutes-to-Bacteroidetes ratios vs Log of True 
Firmicutes-to-Bacteroidetes ratios at 1 yearusing the gradient 
boosting model with the variables at least 85% complete.Each panel 
represents the predictions using one of the five imputed datasets, 
as indicated by the banner at the top of the panel. Log scales used 
to improve visibily of data across a wide range of values. 
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Figure A.13. Log of Predicted Enterobacteriaceae-to-Bacteroidaceae ratios vs 
Log of True Enterobacteriaceae-to-Bacteroidaceae ratios at 3 
months using the gradient boosting model with the variables at least 
90% complete.Each panel represents the predictions using one of 
the five imputed datasets, as indicated by the banner at the top of 
the panel. Log scales used to improve visibily of data across a wide 
range of values. 
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Figure A.14. Log of Predicted Enterobacteriaceae-to-Bacteroidaceae ratios vs 
Log of True Enterobacteriaceae-to-Bacteroidaceae ratios at 1 
yearusing the gradient boosting model with the variables at least 
90% complete.Each panel represents the predictions using one of 
the five imputed datasets, as indicated by the banner at the top of 
the panel. Log scales used to improve visibily of data across a wide 
range of values. 

 

Imputation 1

−4 0 4

4

5

Log of True EB Ratio at 1 Year

L
o

g
 o

f 
P

re
d
ic

te
d

 E
B

 
R

a
ti
o

 a
t 

1
 Y

e
a

r

Imputation 2

−4 0 4

−2

0

2

4

Log of True EB Ratio at 1 Year

L
o

g
 o

f 
P

re
d
ic

te
d

 E
B

 
R

a
ti
o

 a
t 

1
 Y

e
a

r

Imputation 3

−4 0 4

3

4

5

Log of True EB Ratio at 1 Year

L
o

g
 o

f 
P

re
d
ic

te
d

 E
B

 
R

a
ti
o

 a
t 

1
 Y

e
a

r

Imputation 4

−4 0 4

2

3

4

5

Log of True EB Ratio at 1 Year

L
o

g
 o

f 
P

re
d
ic

te
d

 E
B

 
R

a
ti
o

 a
t 

1
 Y

e
a

r

Imputation 5

−4 0 4

3

4

5

Log of True EB Ratio at 1 Year

L
o

g
 o

f 
P

re
d
ic

te
d

 E
B

 
R

a
ti
o

 a
t 

1
 Y

e
a

r



156 

 

Figure A.15. Log of Predicted Firmicutes-to-Bacteroidetes ratios vs Log of True 
Firmicutes-to-Bacteroidetes ratios at 3 months using the gradient 
boosting model with the variables at least 90% complete.Each panel 
represents the predictions using one of the five imputed datasets, 
as indicated by the banner at the top of the panel. Log scales used 
to improve visibily of data across a wide range of values. 
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Figure A.16 Firmicutes-to-Bacteroidetes ratios at 1 yearusing the gradient 
boosting model with the variables at least 90% complete.Each panel 
represents the predictions using one of the five imputed datasets, 
as indicated by the banner at the top of the panel. Log scales used 
to improve visibily of data across a wide range of values. 

 

Figure A.17.  Differential Abundance for gut microbial taxa between Antimicrobial  
users and non users at 3 months Analysis was performed using 
ANCOM-BC while correcting for gender, delivery mode and visit. The 
log 2 fold change is shown along the Y axis, with standard error 
bars. and the taxa  (at the family level) with differential abundance 
(adj p <0.05) are shown along the X axis. 
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Figure A.18.  Differential Abundance for gut microbial taxa between Antimicrobial  
users and non users at 1 year. Analysis was performed using 
ANCOM-BC while correcting for gender, delivery mode and visit. The 
log 2 fold change is shown along the Y axis, with standard error 
bars. and the taxa (at the family level) with differential abundance 
(adj p <0.05) are shown along the X axis 
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Figure A.19.  Differential Abundance for gut microbial taxa between 
cephalosporin users and non users at 1 year. Analysis was 
performed using ANCOM-BC while correcting for gender, delivery 
mode and visit. The log 2 fold change is shown along the Y axis, 
with standard error bars. and the taxa (at the family level) with 
differential abundance (adj p <0.05) are shown along the X axis. 
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Figure A.20. Quintiles for EB_1y and medication patterns for top 5 most common medications Each facet represents a 
separate medication, and the rows potential reasons for usage. Within the facets, rows represent bins of 
subjects (n=564) based on their EB ratio at 1y. Subjects in cluster 1 have the lowest ratios, 5 the highest. 
Colour scale indicates which group tends to use a medication for a specificreason. Red indicates more 
common in the antimicrobial usage group, blue is the non antimicrobial usage group.  
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Figure A.21. Quintiles for  EB_3m and medication patterns for top 5 most common medications Each facet represents a 
separate medication, and the rows potential reasons for usage. Within the facets, rows represent bins of 
subjects (n=564) based on their EB ratio at 3m. Subjects in cluster 1 have the lowest ratios, 5 the highest. 
Colour scale indicates which group tends to use a medication for a specificreason. Red indicates more 
common in the antimicrobial usage group, blue is the non antimicrobial usage group. 
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Figure A.22. Quintiles for  FB_3m and medication patterns for top 5 most common medications. Each facet represents a 
separate medication, and the rows potential reasons for usage. Within the facets, rows represent bins of 
subjects (n=564) based on their EB ratio at 1y. Subjects in cluster 1 have the lowest ratios, 5 the highest. 
Colour scale indicates which group tends to use a medication for a specificreason. Red indicates more 
common in the antimicrobial usage group, blue is the non antimicrobial usage group. 
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Figure A.23.  Quintiles for EB_1y and medication patterns for top 5 most common medications Each facet represents a 
separate medication, and the rows potential reasons for usage. Within the facets, rows represent bins of 
subjects (n=564) based on their EB ratio at 1y. Subjects in cluster 1 have the lowest ratios, 5 the highest. 
Colour scale indicates which group tends to use a medication for a specificreason. Red indicates more 
common in the analgesic usage group, blue is the non analgesic usage group. 
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Figure A.24.  Quintiles for  EB_3m  and medication patterns for top 5 most common medications Each facet represents a 
separate medication, and the rows potential reasons for usage. Within the facets, rows represent bins of 
subjects (n=564) based on their EB ratio at 1y. Subjects in cluster 1 have the lowest ratios, 5 the highest. 
Colour scale indicates which group tends to use a medication for a specificreason. Red indicates more 
common in the analgesic usage group, blue is the non analgesic usage group. 
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Figure A.25.  Quintiles for FB_3m  and medication patterns for top 5 most common medications Each facet represents a 
separate medication, and the rows potential reasons for usage. Within the facets, rows represent bins of 
subjects (n=564) based on their EB ratio at 1y. Subjects in cluster 1 have the lowest ratios, 5 the highest. 
Colour scale indicates which group tends to use a medication for a specificreason. Red indicates more 
common in the analgesic usage group, blue is the non analgesic usage group. 
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Figure A.26.  Quintiles for FB_3m and medication patterns for top 5 most common medications Each facet represents a 
separate medication, and the rows potential reasons for usage. Within the facets, rows represent bins of 
subjects (n=564) based on their FB ratio at 3m. Subjects in cluster 1 have the lowest ratios, 5 the highest. 
Colour scale indicates which group tends to use a medication for a specificreason. Red indicates more 
common in the Vitamin D usage group, blue is the non Vitamin D usage group 
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Figure A.27. Quintiles for EB_1y and medication patterns for top 5 most common medications Each facet represents a 
separate medication, and the rows potential reasons for usage. Within the facets, rows represent bins of 
subjects (n=564) based on their EB ratio at 1y. Subjects in cluster 1 have the lowest ratios, 5 the highest. 
Colour scale indicates which group tends to use a medication for a specificreason. Red indicates more 
common in the Vitamin D usage group, blue is the non Vitamin D usage group. 
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Figure A.28. Quintiles for EB_3m and medication patterns for top 5 most common medications Each facet represents a 
separate medication, and the rows potential reasons for usage. Within the facets, rows represent bins of 
subjects (n=564) based on their EB ratio at 3m. Subjects in cluster 1 have the lowest ratios, 5 the highest. 
Colour scale indicates which group tends to use a medication for a specificreason. Red indicates more 
common in the Vitamin D usage group, blue is the non Vitamin D usage group. 
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Table B.1.  Organization of Random Forest Models given different outcomes, 
missing data thresholds and imputed versions of the dataset. The 
four outcomes are indicated in the first column, while different data 
allowances are shown across the columns. From MICE, five datasets 
were imputed for each combination are indicated by imp1:5.  

 Threshold  

Outcome  All 90 85 80 75 

EB_1y Imp 1:5 Imp 1:5 Imp 1:5 Imp 1:5 Imp 1:5 

EB_3m Imp 1:5 Imp 1:5 Imp 1:5 Imp 1:5 Imp 1:5 

FB_1y Imp 1:5 Imp 1:5 Imp 1:5 Imp 1:5 Imp 1:5 

FB_3m Imp 1:5 Imp 1:5 Imp 1:5 Imp 1:5 Imp 1:5 

Table B.2. Organization of Gradient Boosting Models given different outcomes, 
missing data thresholds and imputed versions of the dataset. The 
four outcomes are indicated in the first column, while different data 
allowances are shown across the columns. From MICE, five datasets 
were imputed for each combination are indicated by imp1:5.  

 Threshold  

Outcome  All 90 85 80 75 

EB_1y Imp 1:5 Imp 1:5 Imp 1:5 Imp 1:5 Imp 1:5 

EB_3m Imp 1:5 Imp 1:5 Imp 1:5 Imp 1:5 Imp 1:5 

FB_1y Imp 1:5 Imp 1:5 Imp 1:5 Imp 1:5 Imp 1:5 

FB_3m Imp 1:5 Imp 1:5 Imp 1:5 Imp 1:5 Imp 1:5 

 

 

 

 



171 

Table B.3. Top 25 Medication Variables from Random Forest Models for the 
outcome the Enterobacteriaceae-to-Bacteroidaceae ratio at 3 
months with variable and descriptions. Results shown for the 90% 
and 85% variable response models. Within those, the overall rank 
when considering all variable domains in shown, along with the 
ranking within the medication domain itself. Table Organized by 
medication rank for 90%. 

Variable Name  Description Overall 
Rank 

Medicati
on Rank 

Over
all 
Rank 

Medicati
on Rank 

num_antifungal_6m number of antifungals at 6 
months  

75 1 310 6 

medications_rash_1_Year1 rash medications at 1y 81 2 161 5 

X6_months_respiratory.therapy respiratory therapy at 6 months 88 3 318 7 

X6_months_Estrogenic.substan
ces..conjugated. 

NA 89 4 319 8 

medications_third_cold_1_Year
1 

medications for third cold at 1 
year 

90 5 320 9 

X1_year_clobetasone.butyrate clobestasone butyrate at 1 year 91 6 321 10 

X1_year_desloratadine desloratadine at 1 year 95 7 322 11 

X6_months_drug drugs at 6 months  101 8 129 2 

X1_year_salbutamol Salbutamol at 1 year 106 9 330 12 

X1_year_cefprozil Cefprozil at 1 year 122 10 341 13 

took_ibuprofen_6m1 took ibuprofen at 6 months  129 11 348 14 

X6_months_Homeopathy.Thera
py 

Homeopathy Therapy at 6 
months  

130 12 349 15 

X1_year_diphenhydramine.hydr
ochloride 

Diphenhydramine 
hydrochlorideat 1 year 

132 13 351 16 

X1_year_cetalkonium.chloride Cetalkonium chloride at 1 year 136 14 148 4 

X1_year_antifungal.drug Anitfungal drug at 1 year  135 15 353 17 

X6_months_diphenhydramine.h
ydrochloride 

Diphenhydramine hydrochloride 
at 6 months  

140 16 130 3 

X1_year_diflucortolone.valerate Diflucortolone valerate at 1 year 138 17 355 18 

X1_year_omeprazole Omeprazole at 1 year  139 18 356 19 

X1_year_respiratory.therapy respiratory therapy at 1 year 141 19 357 20 

X1_year_anti.asthmatic.drug anti asthmatic drug at 1 year 142 20 358 21 

X1_year_lactulose lactulose at 1 year 143 21 359 22 

X6_months_fluticasone fluticasone at 6 months  144 22 128 1 

X1_year_cefuroxime.axetil cefuroxime axetil at 1 year 146 23 361 23 

X6_months_steroid steroid at 6 months  147 24 362 24 

X1_year_azithromycin azithromycin at 1 year 148 25 363 25 
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Table B.4. Top 25 Medication Variables from Random Forest Models for the 
outcome the Enterobacteriaceae-to-Bacteroidaceae ratio at 1 year 
with variable and descriptions. Results shown for the 90% and 85% 
variable response models. Within those, the overall rank when 
considering all variable domains in shown, along with the ranking 
within the medication domain itself. . Table Organized by medication 
rank for 90%. 

Variable Description Overal
l Rank 

Medicatio
n Rank 

Overall 
Rank 

Medicatio
n Rank 

medications_for_coughs_1_Ye
ar1 

cough medication at 1 year 27 1 277 3 

X1_year_epinephrine epinephrine at 1 year 73 2 309 4 

X1_year_amoxicillin amoxicillin at 1 year 82 3 315 5 

X1_year_prednisone prednisone at 1 year 88 4 318 6 

num_acetaminophen_3m number of acetaminophen at 3 
months  

89 5 319 7 

took_antiallergic_6m1 took antiallergic medication at 
6 months  

95 6 323 8 

X1_year_glycerin glycerin at 1 year  98 7 324 9 

X1_year_vitamin.d vitamin D at 1 year 111 8 336 10 

X6_months_diphenhydramine.
hydrochloride 

Diphenhydramine 
hydrochloride at 6 months  

112 9 337 11 

X1_year_antibacterial.drug antibacterial drug at 1 year 117 10 342 12 

num_analgesic number of analgesic  123 11 140 2 

took_ibuprofen_1y1 took ibuprofen at 6 months  124 12 346 13 

X1_year_fluticasone.propionat
e 

fluticasone propionate at 1 
year 

127 13 348 14 

X6_months_fluticasone fluticasone at 6 months  130 14 86 1 

X1_year_clavulanic.acid clavulanic acid at 1 year 133 15 351 15 

num_anthelminthic_6m number of antihelminthic at 6 
months  

135 16 353 16 

X6_months_fusidic.acid fusidic acid at 6 months  136 17 354 17 

X1_year_erythromycin erythromycin at 1 year 137 18 355 18 

X1_year_ambroxol.hydrochlori
de 

ambroxol hydrochloride at 1 
year 

138 19 356 19 

X1_year_cefaclor cefaclor at 1 year 139 20 357 20 

X1_year_mupirocin mupirocin at 1 year 140 21 358 21 

X6_months_phenobarbital phenobarbital at 6 months  141 22 359 22 

X6_months_furosemide furosemide at 6 months  142 23 360 23 

X1_year_fluocinolone.acetonid
e 

fluocinolone acetonide at 1 
year 

143 24 361 24 

X6_months_moxifloxacin.hydr
ochloride 

moxifloxacin hydrochloride at 6 
months  

144 25 362 25 
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Table B.5. Top 25 Medication Variables from Random Forest Models for the 
outcome Firmicutes-to-Bacteroidetes ratio at 3 months with variable 
and descriptions. Results shown for the 90% and 85% variable 
response models. Within those, the overall rank when considering 
all variable domains in shown, along with the ranking within the 
medication domain itself. . Table Organized by medication rank for 
90%. 

Variable Description Overal
l Rank 

Medicatio
n Rank 

Overal
l Rank 

Medicatio
n Rank 

num_ibuprofen_1y number of ibuprofen at 1 year 29 1 272 4 

X6_months_benzocaine benzocaine at 6 months  80 2 300 5 

num_antifungal_3m number of antifungal at 3 months  81 3 301 6 

X1_year_vitamin.d vitamin D at 1 year 82 4 111 3 

vitamins_supplements_Poly.Vi.S
ol_iron_1_Year1 

NA 91 5 308 7 

num_antibacterial_6m number of antibacterial at 6 
months  

92 6 309 8 

took_antiallergic_3m1 took antiallergic medication at 3 
months  

99 7 315 9 

num_antiallergic_3m number of antiallergic at 3 
months  

104 8 318 10 

num_antipyretic number of antipyretic  105 9 319 11 

X1_year_albuterol albuterol at 1 year 110 10 321 12 

medications_first_cold_1_Year1 medications for first cold at 1 
year 

111 11 322 13 

vitamins_supplements_other_1_
Year1 

other vitamins and supplements 
at 1 year 

117 12 102 2 

took_antiallergic_6m1 took antiallergic medication at 6 
months  

120 13 329 14 

num_anti_asthmatic number of anti asthmatic 
medications  

121 14 330 15 

X1_year_fluticasone.propionate fluticasone propionate at 1 year 122 15 331 16 

X6_months_moxifloxacin.hydroc
hloride 

moxifloxacin hydrochloride at 6 
months  

123 16 332 17 

X1_year_fluocinolone.acetonide fluocinolone acetonide at 1 year 139 17 348 18 

X6_months_azithromycin azithromycin at 6 months  146 18 351 19 

num_antiallergic_1y number of antiallergic at 1 year 155 19 359 20 

took_ibuprofen_6m1 took ibuprofen at 6 months  159 20 360 21 

vitamins_supplements_D.Vi.Sol_
D.drops_vitamin_D_1_Year1 

NA 162 21 92 1 

num_antifungal_1y number of antifungal at 1 year 164 22 362 22 

X1_year_antibacterial.drug antibacterial drug at 1 year 165 23 363 23 

X6_months_cefixime cefixime at 6 months  166 24 364 24 

X6_months_cefprozil cefprozil at 6 months  169 25 367 25 
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Table B.6. Top 25 Medication Variables from Random Forest Models for the 
outcome Firmicutes-to-Bacteroidetes ratio at 1 year with variable 
and descriptions.. Results shown for the 90% and 85% variable 
response models. Within those, the overall rank when considering 
all variable domains in shown, along with the ranking within the 
medication domain itself. . Table Organized by medication rank for 
90%. 

Variable Description Overall 
Rank 

Med 
Rank 

Overall 
Rank 

Med 
Rank 

X1_year_acetaminophen acetaminophen at 1 year 31 1 292 7 

medications_oral_thrush_1_Y
ear1 

oral thrush medications at 1 
year 34 2 295 8 

X1_year_albuterol albuterol at 1 year 60 3 316 9 

medications_ear_infection_1
_Year1 

ear infection medications at 1 
year 62 4 119 3 

took_antifungal_3m1 took antifungal at 3 months  71 5 322 10 

took_ibuprofen_1y1 took ibuprofen at 6 months  72 6 323 11 

X6_months_fluconazole fluconazole at 6 months  75 7 326 12 

X1_year_benzocaine benzocaine at 1 year 88 8 338 13 

X6_months_laxative laxative at 6 months  92 9 341 14 

X1_year_clotrimazole clotrimazole at 1 year  98 10 79 1 

X1_year_cephalexin cephalexin at 1 year 99 11 97 2 

X6_months_hydrocortisone hydrocortisone at 6 months  97 12 344 15 

num_antiallergic_3m 

number of antiallergic at 3 
months  119 13 360 16 

X1_year_fluticasone fluticasone at 1 year 120 14 361 17 

X6_months_beclometasone.d
ipropionate 

beclometasome dipropionate 
at 6 months  127 15 365 18 

X6_months_ranitidine ratitidine at 6 months  129 16 151 6 

took_ibuprofen_6m1 took ibuprofen at 6 months  133 17 142 5 

X1_year_Homeopathy.Therap
y homeopathy therapy at 1 year 134 18 369 19 

X1_year_steroid steroid at 1 year 136 19 371 20 

num_antibacterial_3m 

number of antibacterial at 3 
months  138 20 372 21 

X6_months_nystatin nystatin at 6 months  140 21 374 22 

num_antipyretic number of antipyretic  141 22 375 23 

X1_year_belladonna belladonna at 1 year 145 23 126 4 

vitamins_supplements_Poly.V
i.Sol_vitamins_A_C_D_B1_B2
_B3_B6_1_Year1 vitamins and supplements  150 24 381 24 

X6_months_vitamin.d Vitamin D at 6 months  153 25 383 25 
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Table B.7.  Top 25 Medication Variables from Gradient Boosting Machine for the 
outcome the Enterobacteriaceae-to-Bacteroidaceae ratio at 3 
months. Results shown for the 90% and 85% variable response 
models. Within those, the overall rank when considering all variable 
domains in shown, along with the ranking within the medication 
domain itself. Table Organized by medication rank for 90%. 

Variable Description Overal
l Rank 

Medicati
on Rank 

Overal
l Rank 

Medic
ation 
Rank 

X1_year_hydrocortisone.val
erate 

hydrocortisone valerate at 1 year 61 1 98 2 

num_antifungal_3m number of antifungal at 3 months  69 2 67 1 

X1_year_nystatin nystatin at 1 year 75 3 106 3 

took_acetaminophen_3m took acetaminophen at 3 months  127 4 157 4 

num_acetaminophen_3m number of acetaminophen at 3 
months  

128 5 158 5 

took_ibuprofen_3m took ibuprofen at 3 months  129 6 159 6 

took_antibacterial_3m took antbacterial at 3 months  130 7 160 7 

num_antibacterial_3m number of antibacterial at 3 
months  

131 8 161 8 

took_antifungal_3m took antifungal at 3 months  132 9 162 9 

took_anthelminthic_3m took antihelminthic at 3 months 133 10 163 10 

num_anthelminthic_3m number of antihelminthic at 3 
months  

134 11 164 11 

took_antiallergic_3m took antiallergic at 3 months  135 12 165 12 

num_antiallergic_3m number of antiallergic at 3 months  136 13 166 13 

took_acetaminophen_6m took acetaminophen at 6 months 137 14 167 14 

num_acetaminophen_6m number of acetaminophen at 6 
months  

138 15 168 15 

took_ibuprofen_6m took ibuprofen at 6 months  139 16 169 16 

num_ibuprofen_6m number of ibuprofen at 6 months  140 17 170 17 

took_antibacterial_6m took antibacterial at 6 months  141 18 171 18 

num_antibacterial_6m number of antibacterial at 6 
months  

142 19 172 19 

took_antifungal_6m took antifungal at 6 months  143 20 173 20 

num_antifungal_6m number of antifungals at 6 months  144 21 174 21 

took_antiallergic_6m took antiallergic at 6 months  145 22 175 22 

num_antiallergic_6m number of antiallergic at 6 months  146 23 176 23 

took_acetaminophen_1y took acetaminophen at 1 year 147 24 177 24 

num_acetaminophen_1y number of acetaminophen at 1 
year 

148 25 178 25 
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Table B.8. Top 25 Medication Variables from Gradient Boosting Machine for the 
outcome the Enterobacteriaceae-to-Bacteroidaceae ratio at 1 Year. 
Results shown for the 90% and 85% variable response models. 
Within those, the overall rank when considering all variable domains 
in shown, along with the ranking within the medication domain itself. 
Table Organized by medication rank for 90%. 

Variable Description Ove
rall 
Ran
k 

Medic
ation 
Rank 

Ove
rall 
Ran
k 

Medic
ation 
Rank 

X1_year_benzocaine  benzocaine at 1 year 83 1 156 2 

num_acetaminophen_6m 

number of acetaminophen at 6 
months  98 2 162 3 

took_antibacterial_3m took antbacterial at 3 months  107 3 168 4 

num_ibuprofen_6m number of ibuprofen at 6 months  170 4 202 5 

X1_year_zinc.oxide zinc oxide at 1 year 171 5 203 6 

took_acetaminophen_6m took acetaminophen at 6 months 176 6 207 7 

num_antifungal_6m number of antifungals at 6 months  179 7 209 8 

took_acetaminophen_1y took acetaminophen at 1 year 182 8 116 1 

num_antibacterial_1y number of antibacterial at 1 year 183 9 210 9 

took_antibacterial_1y took antibacterial at 1 year 184 10 211 10 

X1_year_acetaminophen acetaminophen at 1 year 185 11 212 11 

vitamins_supplements_1_Year vitamins and supplements at 1 year 188 12 214 12 

X1_year_sulfamethoxazole sulfamethoxazole at 1 year 189 13 215 13 

X6_months_hydrocortisone hydrocortisone at 6 months  190 14 216 14 

X1_year_Herbal.Remedy.Supple
ment 

herbal remedy supplement at 1 
year 191 15 217 15 

X1_year_sodium.chloride sodium chloride at 1 year 192 16 218 16 

X6_months_Herbal.Remedy.Supp
lement 

herbal remedy supplement at 6 
months  193 17 219 17 

medications_rash_1_Year rash medications at 1 year 196 18 222 18 

num_antifungal_1y number of antifungal at 1 year 198 19 224 19 

medications_second_cold_1_Yea
r 

medications for second cold at 1 
year 200 20 226 20 

vitamins_supplements_other_1_
Year 

other vitamins and supplements at 
1 year 201 21 227 21 

X6_months_albuterol albuterol at 6 months  203 22 229 22 

X1_year_clarithromycin clarithromycin at 1 year 204 23 230 23 

X6_months_drug.cream drug cream at 6 months  205 24 231 24 

X6_months_amoxicillin amoxicillin at 6 months  206 25 232 25 
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Table B.9. Top 25 Medication Variables from Gradient Boosting Machine for the 
outcome Firmicutes-to-Bacteroidetes ratio at 3 months. Results 
shown for the 90% and 85% variable response models. Within those, 
the overall rank when considering all variable domains in shown, 
along with the ranking within the medication domain itself. Table 
Organized by medication rank for 90%. 

Medication Variable Description Overal
l Rank 

Medic
ation 
Rank 

Overal
l Rank 

Medic
ation 
Rank 

X1_year_hydrocortisone.valer
ate hydrocortisone valerate at 1 year 61 1 98 2 

num_antifungal_3m number of antifungal at 3 months  69 2 67 1 

X1_year_nystatin nystatin at 1 year 75 3 106 3 

took_acetaminophen_3m took acetaminophen at 3 months  127 4 157 4 

num_acetaminophen_3m 
number of acetaminophen at 3 
months  128 5 158 5 

took_ibuprofen_3m took ibuprofen at 3 months  129 6 159 6 

took_antibacterial_3m took antbacterial at 3 months  130 7 160 7 

num_antibacterial_3m 
number of antibacterial at 3 
months  131 8 161 8 

took_antifungal_3m took antifungal at 3 months  132 9 162 9 

took_anthelminthic_3m took antihelminthic at 3 months 133 10 163 10 

num_anthelminthic_3m 
number of antihelminthic at 3 
months  134 11 164 11 

took_antiallergic_3m took antiallergic at 3 months  135 12 165 12 

num_antiallergic_3m number of antiallergic at 3 months  136 13 166 13 

took_acetaminophen_6m took acetaminophen at 6 months 137 14 167 14 

num_acetaminophen_6m 
number of acetaminophen at 6 
months  138 15 168 15 

took_ibuprofen_6m took ibuprofen at 6 months  139 16 169 16 

num_ibuprofen_6m number of ibuprofen at 6 months  140 17 170 17 

took_antibacterial_6m took antibacterial at 6 months  141 18 171 18 

num_antibacterial_6m 
number of antibacterial at 6 
months  142 19 172 19 

took_antifungal_6m took antifungal at 6 months  143 20 173 20 

num_antifungal_6m number of antifungals at 6 months  144 21 174 21 

took_antiallergic_6m took antiallergic at 6 months  145 22 175 22 

num_antiallergic_6m number of antiallergic at 6 months  146 23 176 23 

took_acetaminophen_1y took acetaminophen at 1 year 147 24 177 24 

num_acetaminophen_1y 
number of acetaminophen at 1 
year 148 25 178 25 
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Table B.10. Top 25 Medication Variables from Gradient Boosting Machine for the 
outcome Firmicutes-to-Bacteroidetes ratio at 1 Year. Results shown 
for the 90% and 85% variable response models. Within those, the 
overall rank when considering all variable domains in shown, along 
with the ranking within the medication domain itself. Table 
Organized by medication rank for 90%. 

Medication Variable  Ove
rall 
Ran
k 

Med
icati
on 
Ran
k 

Medic
ation 
Variab
le 

Overa
ll 
Rank 

X6_months_drug.solution drug solution at 6 months  43 1 43 2 

vitamins_supplements_1_Year vitamins and supplements at 1 year 122 2 140 3 

num_antifungal_1y number of antifungal at 1 year 132 3 149 4 

num_acetaminophen_3m 

number of acetaminophen at 3 
months  137 4 154 5 

took_antifungal_1y took antifungal at 1 year 139 5 156 6 

X1_year_vitamin.d vitamin D at 1 year 140 6 157 7 

num_anti_inflammatory number of anti inflammatory  150 7 167 8 

took_acetaminophen_3m took acetaminophen at 3 months  153 8 170 9 

took_antibacterial_1y took antibacterial at 1 year 156 9 172 10 

num_antibacterial_1y number of antibacterial at 1 year 158 10 174 11 

num_analgesic number of analgesic  217 11 20 1 

took_ibuprofen_3m took ibuprofen at 3 months  190 12 205 12 

took_antibacterial_3m took antbacterial at 3 months  191 13 206 13 

num_antibacterial_3m 

number of antibacterial at 3 
months  192 14 207 14 

took_antifungal_3m took antifungal at 3 months  193 15 208 15 

num_antifungal_3m number of antifungal at 3 months  194 16 209 16 

took_anthelminthic_3m took antihelminthic at 3 months 195 17 210 17 

num_anthelminthic_3m 

number of antihelminthic at 3 
months  196 18 211 18 

took_antiallergic_3m took antiallergic at 3 months  197 19 212 19 

num_antiallergic_3m number of antiallergic at 3 months  198 20 213 20 

took_acetaminophen_6m took acetaminophen at 6 months 199 21 214 21 

num_acetaminophen_6m 

number of acetaminophen at 6 
months  200 22 215 22 

took_ibuprofen_6m took ibuprofen at 6 months  201 23 216 23 

num_ibuprofen_6m number of ibuprofen at 6 months  202 24 217 24 

took_antibacterial_6m took antibacterial at 6 months  203 25 218 25 
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Table B.11. Table Showing Variable names used for ANCOM-BC analysis for 
Antimicrobials. Short Name in CHILD refers to the name found in the 
data files provided by the CHILD cohort Study. The Name or group 
for ANCOM-BC is the name or grouping assigned or the analysis. 

Short Name in CHILD Name or Group for ANCOM-BC 

took_antibacterial_3m took_antibacterial_3m 

num_antibacterial_3m num_antibacterial_3m 

took_antibacterial_6m took_antibacterial_6m 

num_antibacterial_6m num_antibacterial_6m 

took_antibacterial_1y took_antibacterial_1y 

num_antibacterial_1y num_antibacterial_1y 

num_antibacterial num_antibacterial 

x1_year_antibacterial.drug x1_year_antibacterial.drug 

x6_months_antibacterial.drug x6_months_antibacterial.drug 

antibacterial_by_mother_3m antibacterial_by_mother_3m 

prenatal_antibacterial prenatal_antibacterial 

sum_analgesic_birth sum_analgesic_birth 

sum_analgesic_3_months sum_analgesic_3_months 

sum_analgesic_1_year sum_analgesic_1_year 

ampicillin_birth penicillins_birth 

ampicillin_3_months penicillins_3m 

vancomycin_1_year glycopeptide_1y 

ceftriaxone_1_year cephalosporin_1y 

cefotaxime_1_year cephalosporin_1y 

cefprozil_1_year cephalosporin_1y 

amoxicillin_1_year penicillins_1y 

cefixime_1_year cephalosporin_1y 

clarithromycin_1_year macrolide_1y 

cefprozil_3_months cephalosporin_3m 

azithromycin_1_year macrolide_1y 

antibacterial_drug_1_year antibacterial_1y 

clarithromycin_3_months macrolide_3m 

amoxicillin_3_months penicillins_3m 

bacitracin_1_year polypeptide_1y 

tobramycin_1_year aminoglycoside_1y 

bacitracin_3_months polypeptide_3m 

mupirocin_3_months carboxylicacidclass_3m 

silver_sulfadiazine_1_year sulfa_1y 

clavulanic_acid_1_year beta_lacatamase_1y 

sulfisoxazole_1_year sulfonamide_1y 

trimethoprim_1_year trimethoprim_1y 

sulfamethoxazole_1_year sulfonamide_1y 
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Short Name in CHILD Name or Group for ANCOM-BC 

trimethoprim_3_months trimethoprim_3m 

cefotaxime_birth cephalosporin_birth 

meropenem_birth carbapenem_birth 

antibacterial_drug_3_months antibacterial_3m 

cefaclor_1_year cephalosporin_1y 

mupirocin_1_year carboxylicacidclass_1y 

cephalexin_1_year cephalosporin_1y 

tobramycin_3_months aminoglycoside_3m 

cephalexin_3_months cephalosporin_3m 

crystal_violet_3_months crystalviolet_3m 

crystal_violet_1_year crystalviolet_1y 

cefotaxime_3_months cephalosporin_3m 

cefazolin_3_months cephalosporin_3m 

sulfamethoxazole_3_months sulfonamide_3m 

ceftriaxone_3_months cephalosporin_3m 

 

Table B.12 Table Showing Variable names used for ANCOM-BC analysis for 
Antimicrobials. Short Name in CHILD refers to the name found in the data files 
provided by the CHILD cohort Study. The Description is a laymen’s description of 
the variable name.  

Short Name In CHILD Variable Description 

1Year_vitaminD Sum of times vitamin D was taken (6m-1y) 

6months_vitamin D Sum of times vitamin D was taken (birth-6m) 

pmffqq146 vitamin d (calciferol) (mcg) 

pmffqq147 vitamin d2 (ergocalciferol) (mcg) 

Pmffqq148 vitamin d3 (cholecalciferol) (mcg) 

msuppl18wq1_7 How often did you take vitamin D  

vitamin_d_taken Vitamin D usage at 3 months based on 3-month 
nutrition and 3-month medication questionnaires. 

NUTR1YQ7_1a Are you giving your child any vitamins or 
supplements? If Yes, which are used? Vitamin D: 
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Appendix C. 
  
Supplemental Data Files 

Supplementary Data 1 Description: Top 25 variable importance scores for each 

domain from Random Forest and Gradient Boosting Models with using datasets with 

85% and 95% data completeness.  

Filename: 

supplementary_data_1.xlsx 

 

Supplementary Data 2 Description: All variable importance scores for each domain 

from Random Forest models with 90% and 85% variable completeness. The first column 

contains the outcome variable, the second column contains the variable, the third 

column contains the domain of information the variable belonged to, and the final two 

columns contain the variable importance scores.  

Filename: 

supplementary_data_2.csv 

 

Supplementary Data 3 Description: All variable importance scores for each domain 

from Gradient Boosting models with 90% and 85% variable completeness. The first 

column contains the outcome variable, the second column contains the variable, the 

third column contains the domain of information the variable belonged to, and the final 

two columns contain the variable importance scores.  

Filename: 

supplementary_data_3.csv 

 


