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Abstract

Unweighted Unifrac Is A Theoretically Better Measure For Dietary and
Cardiometabolic Data

Kiona Natasha Pilles, MSStat

The University of Texas at Austin, 2018

Supervisor: Dan Powers

The objective of this report was to compare unweighted and weighted Unifrac statistical
methods and decide which method is best for analyzing dietary and cardiometabolic data.
The Freshmen Health Study (n=77), a study on exclusively Hispanic college students
collected anthropometric, dietary, cardiometabolic, and microbiome data. Weighted and
unweighted Unifrac were used to analyze differences in the microbiome between groups
of dietary and cardiometabolic variables. The results showed that unweighted Unifrac
was the only significant measure and is statistically better for analyzing this type of data
because of the sampling method of selecting only unique sequences to each community
and analyzing their similarities. This is important for detecting subtle changes in different
groups because diets are composed of different compositions that can influence the gut

microbiome in small amounts.
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Chapter 1: Introduction To Microbiome Analysis

Many microbiome analyses are performed using a system called QIIME, a
bioinformatics pipeline that takes raw DNA sequencing data and generates analyses and
visualizations.' This pipeline takes 16s amplicon sequencing of bacterial RNA, groups
the sequences that are 97% similar together, and classifies them into an operational
taxonomic unit (OTU).? The OTUs are then used to analyze microbiome diversity.

UniFrac is a technique that measures the distance between microbial
communities, counting the absence, presence, and abundance of OTUs and was devised
by Catherine Lozupone and Rob Knight.* There are many different ways to measure the
similarity or dissimilarity between predefined groups, but two commonly used
measurements are unweighted and weighted Unifrac analysis. Unweighted Unifrac is
“the distance between community 4 and community B and is defined as the fraction of
branches of the phylogenetic tree that lead to members of community 4 or community B,

but not both.”* The equation for unweighted Unifrac is: B = (A, — ¢)+ (B, — ¢) where 4;is

the number of OTUs that descend from branch i in community A4 that is unique to
community 4, and B; is the number of OTUs the descend from branch i in community B
that is unique to community B, and ¢ is the number of common or shared taxas.’
Weighted Unifrac is defined as the dissimilarity between two communities where
length between communities is weighted according to abundance in community 4 in

proportion to the total, compared to the abundance in community B in proportion to the

total.* The equation for weighted Unifrac is: Ebi X A ’

i

where 4;and B; are the

i=1 T T
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number of OTUs that descend from branch i in communities 4 and B, respectively, A7 is
the overall abundance of OTUs in community 4 and B7 is the overall abundance of OTUs
in community B, n is the total number of branches in the tree, and b; is the length of
branch i *’

While both unweighted and weighted Unifrac are used to analyze differences in
microbiome communities, there has been no consistency in dietary studies as to which is
significant. In some cases, only the weighted Unifrac is significant® and others only the
unweighted’. This poses the question as to whether there is a theoretically better
measure for comparing microbiome communities between subjects. In the case of diet
and clinical biomarkers, when an individual’s daily consumption of macro and micro-
nutrients vary so widely from day to day and thereby their clinical measures, does one
measure make more sense than the other? In the Freshmen Health Study, a study of an
exclusive freshmen college Hispanic population, anthropometrics, blood lipids, diet, and
microbiome were analyzed in students. After analysis of diet, cardiometabolic risk factors
and the gut microbiome in this population, results were consistently significant on/y in
the unweighted measures. This paper aims to explore why only the unweighted Unifrac
was significant and what are the differences in measurement between unweighted Unifrac
and weighted Unifrac analysis in diet and clinical biomarker data in relation to the

microbiome.



Chapter 2: Comparing Measurements

Comparing unweighted versus weighted Unifrac, it is clear to see that these
methods analyze the results for different purpose. When two communities have the same
taxa, the unweighted Unifrac difference would be zero and the communities would be
deemed not significantly different from each other making unweighted Unifrac useful for
finding distinctly different OTUs between two communities and clearly separating them.
This equation is excellent for finding differences between microbiome groups® as the
sampling method only takes into account species that are unique to each individual
community and assigns it a beta-diversity number. However, this equation is limited
because the equation would generate insignificant results if there are similar species, but
in different abundances,'® making it susceptible to “noise” by presenting shallow
differences.** Although microbial groups with the same types of gut bacteria would
indicate no significant difference, the microbiome could still be significantly different in
composition.

On the other hand, weighted Unifrac is useful for suppressing shallow differences
by normalizing the data and can detect differences in OTU abundances making it useful
for finding differences in bacterial count.*'° When two communities have the same OTU
to abundance ratio, the weighted difference would be zero and the communities would be
deemed not significantly different. Therefore, this equation is excellent for finding
differences between microbiome composition as the sampling method takes into account
species and count in each individual community and allows overlapping of OTU between

the communities. However, this equation is limited because abundance count can drown
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out small branches.* Knowing the strengths and limitations of each equation, one must
decide which is better when analyzing dietary and clinical biomarker data.

In the case of the Freshmen Health Study, all of the relevant dietary and
cardiometabolic variables were indicated to have significance exclusively in the
unweighted model and not the weighted model. For example: saturated fat was grouped
into tertiles and also grouped by dietary recommendations. Both were analyzed
separately. Both times, the unweighted model was significant and the weighted model
was not (p=0.007* wvs. 0.604 for tertiles, p=0.014* vs. 0.684 for dietary
recommendations). When microbiome biodiversity was further analyzed there was indeed
a Shannon biodiversity index of increased diversity of the microbiome in subjects who
met saturated fat recommendations compared to those who exceeded recommendations
(5.21 £0.90 vs. 492 +0.52; p=0.01). The analysis was able to further specify which
bacteria were contributing to the significant difference. This was the same case with body
fat (p=0.023* vs. 0.152), insulin (p=0.048* vs. 0.406), and low-density lipoprotein
(p=0.020 vs. 0.699). Each time the variables that achieved significance only achieved
significance in the unweighted model but not in the weighted model.

It is clear from the Freshmen Health Study that the unweighted model was able to
detect relevant significant differences in microbiome diversity and composition in dietary

and cardiometabolic data. However, the question remains as to why this happens.



Chapter 3: Dietary and Clinical Biomarker Data

Grouping diet and analyzing the differences between groups is not like grouping
demographics. For example, an analysis of age produces no variations in regards to time,
while a carbohydrate can be quantified into either grams per day or a percentage of daily
calories consumed. In addition, carbohydrates can be assessed by quality as they contain
unhealthy components, such as total and added sugars, and healthy components, such as
dietary fiber. These differences have the potential to influence or be influenced by the
microbiome and should be reflected in its composition. In this case, the unweighted
Unifrac is theoretically better since it is sensitive to the small changes in dietary data.
Because cardiometabolic measures are influenced by diet, unweighted Unifrac also
makes more sense, given types of carbohydrates influence measures such as blood sugar
in different ways according to its glycemic index. These differences should all be
reflected in the gut microbiome since it is part of the digestion process.

This logic would explain why in the Freshmen Health Study, unweighted UniFrac
would detect differences in data and weighted UniFrac did not. In addition, detecting
specific species of bacteria that are present or not present is important for future dietary
interventions. Currently, there are probiotics with different types of bacteria that aid in
strengthening the gut microbiome. By determining distinct differences between groups
and providing the type of bacteria that is distinctly associated with certain nutrients or
cardiometabolic markers, researchers can make better decisions on the composition of

probiotics to guide a healthy gut microbiome and disease prevention.



Chapter 4: Conclusion

In conclusion, both unweighted Unifrac and weighted Unifrac answer different
research questions. In the case of diet and cardiometabolic factor, the unweighted Unifrac
theoretically makes more sense to use since it describes dissimilarity, not similarity,
between two microbial communities. This measure can also detect subtle changes in
distinctly different groups, which is important in dietary data where different food groups
have different compositions and can influence the gut microbiome even in small
amounts. This is due to the sampling of the unweighted UniFrac only taking into account
branches that occur in one community and not the other, and assigning these differences a
diversity number. The weighted UniFrac includes shared branches and is susceptible to
drowning of significance since the denominator includes total abundance and any
significance can be driven by a particular species that exists in large numbers. Therefore,
while both measures should be analyzed and current practices suggest both measures
should be significant in order to confirm “real” significance, the significance of only the

unweighted UniFrac gives valuable information for potential dietary interventions.
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