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Abstract 26 

Background: Microbiomes consist of bacteria, viruses, and other microorganisms, and are 27 

responsible for many different functions in both organisms and the environment. Some previous 28 

analyses of microbiomes focus on the relationships between specific microbiomes and a particular 29 

disease. These typically use correlation which is fundamentally symmetric with respect to pairs of 30 

microbes. Correlation focuses on the symmetry of the data distribution, and asymmetric data is 31 

often discarded as having a weak correlation. With all the data available on the microbiome, there 32 

is a need for a method that comprehensively studies microbiomes and how they are related to each 33 

other. 34 

 35 

Results: We collect publicly available datasets from human, environment, and animal samples to 36 

determine both symmetric and asymmetric Boolean relationships between a pair of microbes. We 37 

then find relationships that are potentially invariants, meaning they will hold in any microbe 38 

community. In other words, if we determine there is a relationship between two microbes, we 39 

expect the relationship to hold in almost all context. We discovered that certain pairs of microbes 40 

always exhibit the same relationship in almost all the datasets we studied, thus making them good 41 

candidates for universal relationships. Our results confirm known biological properties and seem 42 

promising in terms of disease diagnosis.  43 

 44 

Conclusions: Since the relationships are likely universal, we expect that they will hold in a clinical 45 

setting as well as in the general population. Strong universal relationships may provide insight on 46 

prognostic, predictive, or therapeutic properties of a clinically relevant disease. These new 47 
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analyses may improve disease diagnosis and drug development in terms of accuracy and 48 

efficiency. 49 

 50 

Keywords: Boolean analysis, microbiome, invariants, systems biology, microbes interaction 51 

 52 

Background 53 

In recent years, microbiome research has progressed rapidly and there is an abundance of data 54 

publicly available. It is important to understand these microbes that are found in organisms and 55 

the environment, along with the relationships between them. There is also a growing interest to 56 

find the connection between microbiomes and the healthy or diseased states of an organism. 57 

Therefore, it is vital to efficiently analyze publicly available microbiome data, which will highlight 58 

the microorganisms and their interactions with the host.  59 

 60 

Current methods of analysis fundamentally use Pearson’s correlation coefficient to determine 61 

relationships within a microbiome, such as in co-occurrence networks (1). Correlation only 62 

identifies relationships whose distribution is symmetric or linear. Therefore, this method may only 63 

work for certain data in which there is a linear relationship between the two variables, but not for 64 

asymmetric data. In some cases, past studies disregard asymmetric data by concluding a weak 65 

correlation due to its nonlinearity, resulting in an incomplete analysis of asymmetric data. In 66 

addition, there may be other types of relationships that cannot be identified through the standard 67 

methods of linear analysis currently in use.  68 

 69 
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Past research used Boolean analysis to find the connection between oral microbiome and HIV-70 

associated periodontists (2) and to find a metabolic network of interactions in the gut microbiome 71 

(3). However, these methods tend to analyze smaller datasets, which may have reproducibility 72 

issues. Additionally, these studies focus on specific regions, such as the mouth and gut 73 

microbiomes.  74 

 75 

Instead, we propose using Boolean analysis, a logical method to determine dependency between 76 

two variables in order to study large amounts of microbiome data, comprehensively. This method 77 

of Boolean implication analysis was previously used to analyze relationships between genes using 78 

publicly available microarray datasets for humans, mice, and fruit flies. Our research adapts the 79 

method of analysis using Boolean implications, which was successfully used to discover markers 80 

of blood stem cells (4), progenitors and a branch point in B-cell and T-cell differentiation (5), and 81 

has also been applied to study colon (6, 7), bladder (8) and prostate cancer (9). Since this method 82 

of Boolean analysis was previously used on gene expression data, we want to demonstrate the 83 

universality of this method by analyzing pairwise microbe relationships.  84 

 85 

In our process, the frequency of the microbes is first classified as either ‘low’ or ‘high’ using a 86 

threshold that is derived for each microbe species. An example of a Boolean implication rule is “if 87 

there is a high number of microbe A, then there will almost always be a low number of microbe 88 

B”, or A high → (implies) B low. There are six possible Boolean implication relationships: four 89 

asymmetric (A low → B low, A low → B high, A high → B low, and A high → B high) and two 90 

symmetric relationships (A equivalent B, and A opposite B). 91 

 92 
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Although our particular method of Boolean implication analysis has not been widely used in the 93 

area of microbiology, a group of researchers did attempt to use the method to perform analysis on  94 

microbiome data (10). In their research, they analyzed environmental data from Visualization and 95 

Analysis of Microbial Population Structures (VAMPS) 96 

(http://vamps.mbl.edu/diversity/diversity.php), and focused specifically on marine microbes. 97 

Their research differs from ours in the aspect of diversity, as we want to determine relationships 98 

that are present in a broader range of microbiomes, including humans, animals, and the 99 

environment. While this research demonstrates the impact Boolean implication analysis will have 100 

on microbiome analysis, we want to incorporate more as well as a greater variety of samples. By 101 

having a wider array of samples, we want to find microbe relationships that not only exist in the 102 

environment, but also in humans and animals. 103 

 104 

Since Boolean implication analysis is able to capture relationships that are often overlooked in the 105 

existing methods of analysis, we aim to uncover candidate invariants between pairs of microbes 106 

that are likely applicable to every microbe community. For example, if we find a recurring Boolean 107 

relationship between two microbe species in our large, diverse datasets, we expect this relationship 108 

to be a promising candidate invariant. This research includes more diverse datasets and a novel 109 

mathematical model compared to past studies, which helps produce stronger universal candidates. 110 

 111 

This project’s goal is to identify Boolean relationships that are comprehensive and likely universal. 112 

Through Boolean implication analysis, we will be able to determine candidate universal invariants 113 

within diverse microbe communities. If there are general rules that any microbe community 114 

follows, it would make the process of identifying diseases easier because we expect these 115 
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relationships to hold in the general population. These candidate universal invariants provide a basis 116 

which scientists could use to determine which microbes are associated with diseases. Therapeutic 117 

use of microbes depends on their reproducibility in the general population, which makes our 118 

approach more suitable for discovering appropriate microbes. 119 

 120 

Results 121 

Many universal Boolean relationships were uncovered using the proposed method of Boolean 122 

implication analysis. Out of the 29,743,824 relationships discovered, some of the stronger ones 123 

are presented in Figures 2 and 3, and are described below.  124 

 125 

Boolean implication relationships are conserved across environments and species 126 

The high → low Boolean implication shows a high frequency of Akkermansia muciniphila 127 

(Operational Taxonomic Unit (OTU) ID 4306262) implying a low frequency of Stramenopiles 128 

(OTU ID 4350498) (Figure 2c). A. muciniphila is a human gut bacteria linked to preventing 129 

obesity, diabetes, and inflammation (11) and Stramenopiles is found in aquatic environments, 130 

mostly made up of algae (12). Since these two microbes are rarely found in similar environments, 131 

it makes sense that when one microbe’s frequency is high, the other is low. This logic is consistent 132 

with the high → low Boolean relationship found. 133 

 134 

The graph in Figure 2e displays a strong low → low relationship, showing that when 135 

Polynucleobacter (OTU ID 145533) is low, Candidatus Xiphinematobacter (OTU ID 786420) is 136 

also low. This relationship is confirmed in other studies which found Polynucleobacter makes up 137 

a large portion of freshwater bacterioplankton (13) and Candidatus Xiphinematobacter is a known 138 
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nutrient supplier to nematodes, which are abundant in freshwater environments (14). It is 139 

presumable that a low frequency count of  Polynucleobacter indicates an environment that does 140 

not contain freshwater; therefore, it is unlikely that the frequency of Candidatus 141 

Xiphinematobacter is high, further confirming this low → low Boolean implication.  142 

 143 

Boolean relationships confirm some known biological properties 144 

A strong high → high relationship that was found (Figure 2d) is between Corynebacterium (OTU 145 

ID 1062356) and Staphylococcus aureus  (OTU ID 4446058). Corynebacterium and S. aureus 146 

species both reside in the nose trail and skin microbiota of humans. S. aureus can be pathogenic 147 

and cause infections. Studies have shown that Corynebacterium spp. and S. aureus reside together, 148 

meaning they are positively correlated (15). In addition to being positively correlated, the 149 

Corynebacterium high → S. aureus high relationship reveals that it is also possible to have a low 150 

frequency of Corynebacterium and a high frequency of S. aureus.  151 

 152 

An example of a symmetric relationship is shown in Figure 2f, where Corynebacterium (OTU ID 153 

1062356) is equivalent to Corynebacterium (OTU ID 282360). Corynebacterium are a family of 154 

Gram-positive bacteria with a large number of known species due to interest in the medical field 155 

(16). However, the specific species of these Corynebacterium are not stated in the GreenGenes 156 

database. Further analysis could determine the species for these Corynebacterium, which would 157 

allow us to confirm this relationship. Although the species are not known, there is a symmetric 158 

relationship between the two species in that as the count of one increases, so does the other.  159 

 160 

Microbes yield different Boolean implications in environmental versus animal samples 161 
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In the next two examples in Section 1 of Figure 3, green represents environmental samples and red 162 

represents the animal samples, including both humans and animals. Figure 3a shows the 163 

relationship Polynucleobacter (OTU ID 145533) high → Candidatus Xiphinematobacter (OTU 164 

ID 786420) low. The abundance of green and the absence of red samples suggest that this 165 

relationship is only present in the environmental microbiomes, and is not present in animal 166 

microbiomes. As stated previously, Polynucleobacter makes up a large portion of freshwater 167 

bacterioplankton (13), while Candidatus Xiphinematobacter tends to be found in soil samples (17), 168 

meaning they are both environmental microbes. 169 

 170 

Figure 3b presents  the relationship Polynucleobacter (OTU ID 3071019) high → Bacteroides 171 

uniformis (OTU ID 197072) low. This Boolean relationship suggests that Polynucleobacter is 172 

mainly present in the environmental microbiome while Bacteroides uniformis mostly exist in the 173 

animal microbiome. Previous studies have shown that Bacteroides uniformis is one of the main 174 

bacterial species of the human gut microbiome (18).  175 

 176 

Different body sites affect the presence of microbes relationships 177 

In Section 2 of Figure 3, both plots show the relationship between Staphylococcus aureus (OTU 178 

ID 446058) and Corynebacterium (OTU ID 1000986) but in different regions of the human body. 179 

While Figure 3c suggests that S. aureus and Corynebacterium have a low → low relationship in 180 

the skin region, based on Figure 3d, there is no specific Boolean relationship between these two 181 

microbes when they are present in human feces. This emphasizes the importance of different 182 

factors, like body region, in the way two microbes behave in the presence of each other. 183 

 184 
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Boolean implications using disease-specific microbes is promising in potential diagnosis 185 

Irritable bowel disease (IBD) is a gastrointestinal disorder that currently is difficult to treat, but 186 

treatments using the gut microbiome have been proposed (19). The relationship Actinomyces (OTU 187 

ID 12564) high → Lachnospiraceae (OTU ID 4469576) low (Figure 3e) specifically highlights 188 

samples from patients that either have Crohn’s Disease (CD), Ulcerative Colitis (UC), or neither 189 

(No IBD). Numerous studies show that there is a decreased amount of Clostridiales 190 

(Lachnospiraceae is in the class Clostridiales) in patients with IBS (19-22), but not much 191 

information about IBD. Although there have been studies that show there is a connection between 192 

Actinomyces and infections (23), studies have not compared the amount of Actinomyces to IBD. 193 

This indicates that more research needs to be done to determine if Clostridiales and Actinomyces 194 

are connected to certain types of IBD. There tends to be a higher proportion of Lachnospiraceae 195 

in patients with CD than UC, and a higher proportion of Actinomyces in patients of UC versus CD. 196 

The relationship Streptococcus (OTU ID 4467992) high → Lachnospiraceae (OTU ID 4469576) 197 

low (Figure 3f) also highlights differences between samples of IBD patients. A similar trend of a 198 

higher proportion of Lachnospiraceae in CD patients and a higher proportion of Streptococcus in 199 

UC patients appears with these microbes. There is no previous research suggesting there is a 200 

connection between Streptococcus and IBD, but more research needs to be done to see if this 201 

relationship has any disease-identifying properties. Relationships like these might have only been 202 

discovered using methods taking into account asymmetry like Boolean implication analysis which 203 

may be why there are no studies that can confirm these relationships. 204 

 205 

Certain microbes seem to be related to different skin conditions, such as eczema and psoriasis. The 206 

relationship Acinetobacter johnsonii (OTU ID 4482374) low → Corynebacterium (OTU ID 207 
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361600) low shows how patients with psoriasis tend to have higher counts of both Acinetobacter 208 

johnsonii and Corynebacterium than patients with eczema and patients with neither skin condition. 209 

In looking at another relationship, Ruminococcaceae (OTU ID 4346675) high → Anaerococcus 210 

(OTU ID 927089) low, it is clear that patients with psoriasis have higher counts of Anaerococcus, 211 

while patients with eczema have higher counts of Ruminococcaceae, with both having minimal 212 

amounts of the other microbes. Although there has been research to detect microbial diversity on 213 

the skin, experts still cannot agree on a universal method of using microbes to diagnose psoriasis 214 

in patients (24). Our method of Boolean implication analysis attempts to provide a mathematical 215 

model of identifying candidate universal invariants. This will allow the properties determined 216 

within these microbiomes to apply in almost all situations, and hopefully provide treatments for 217 

diseases like these that will be universally successful. 218 

 219 

Discussion 220 

There is potential in using Boolean implication analysis to comprehensively determine microbial 221 

relationships, which can then be used to build abstract versions of biological systems. 222 

Understanding and simulating biological systems has always been the goal of researchers, but 223 

current analysis has not met that objective due to the lack of complexity that symmetric analysis 224 

has, and the smaller datasets researchers tend to use. Relationships between microbes and diseases 225 

have always been evident, so our research intends to build the foundation of the biological system. 226 

Specified research will provide more concrete evidence of the connection between microbes and 227 

diseases. 228 

 229 
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Our results reveal that Boolean analysis is a promising method for analysis of different 230 

microbiomes. After analyzing more than 400 diverse datasets consisting of over 100,000 samples, 231 

we uncovered candidate invariants that held in all our datasets, which is consistent with our 232 

hypothesis. However, only four of the six Boolean implication relationships were found in the 233 

datasets: low → low, high → low, high → high, and equivalent. The other two relationships, 234 

opposite and low → high, did not appear in the datasets. In both of these cases, the low, low 235 

quadrant is considered sparse, meaning there will be a high number of at least one microbe in most 236 

of the samples. Due to the diverse nature of microbes, we know that certain microbes are not 237 

present in every type of sample. Therefore, it should be rare for the low, low quadrant to be sparse, 238 

which is justified by the lack of opposite and low → high relationships in our results. Boolean 239 

analysis also unveils differences in microbe interactions due to factors such as body site, disease, 240 

and environment. Each implication is believed to be a universal candidate because it holds in all 241 

the datasets we analyzed. These microbe relationships can be validated in the lab by generating 242 

and sequencing additional samples to confirm these relationships.  243 

 244 

One of the limitations in using Boolean analysis in which the data focuses on the stronger 245 

relationships, making the analysis less noisy. However, the weaker relationships are lost in the 246 

process. Further analysis might prove these weaker relationships have significance, but this 247 

method will only focus on the stronger relationships. A second limitation is that we only analyzed 248 

datasets downloaded from Qiita that were processed using the GreenGenes database (25). 249 

However, the latest version of GreenGenes was published in 2013, which may not include the most 250 

up to date information involving microbiome taxonomy. Additionally, since we are not focusing 251 

on microbiomes found in a specific region, we are limiting our scope to focus on microbes that are 252 
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found universally in humans, animals, and the environment. We may be excluding relationships 253 

that are compelling due to the fact that they might not be found everywhere. Future studies using 254 

this method of Boolean analysis should be done to focus on specific regions, which will give better 255 

insight into particular microbiomes, such as the gut microbiome. 256 

 257 

Conclusions 258 

The lack of comprehensive analysis of microbiome data created a need for more extensive 259 

approaches. Boolean implication analysis presents a solution that takes into account both 260 

symmetric and asymmetric relationships. Our results show that some biological properties were 261 

confirmed by Boolean analysis. For example, it is proven that the Corynebacterium and S. aureus 262 

species reside together and are positively correlated, which is consistent with the high → high 263 

relationship found.  Our results also show that different microbiomes affect the presence of 264 

microbe relationships, on a broader scope such as environmental versus animal samples, or on a 265 

smaller scope such as various body sites. Boolean implication analysis is promising in terms of 266 

potential disease diagnosis, as well such as IBD. We found that higher frequencies of certain 267 

microbes seem to be associated with either CD or UC.  268 

 269 

Future work includes building a Boolean implication network to further analyze how microbe 270 

implications are connected to each other. A Boolean implication network with the candidate 271 

microbe invariants may help in developing better models for biological systems. Our research also 272 

helps determine strong properties of biological systems, and future research on this topic provide 273 

novel directions in understanding biological system. Invariants help formulate new theories that 274 

may provide more effective diagnostic and therapeutic applications. 275 
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 276 

Materials and Methods 277 

Data Collection 278 

We extracted pre-processed OTU tables along with the corresponding metadata from Qiita (26), a 279 

microbiome database and study management platform. Qiita uses third party plugins including 280 

QIIME (Quantitative Insights Into Microbial Ecology) (http://qiime.org/) or QIIME 2 281 

(https://qiime2.org/) to process microbial 16S rRNA sequences of each study, which are 282 

contributed by users on this platform. Qiita classifies the microbes using the GreenGenes database, 283 

and generates into OTU tables. OTU tables display the frequencies of all the microbes species 284 

present in each of the samples. Each study and the corresponding raw data comes from different 285 

individuals and institutes, which makes this database comprehensive. The metadata includes 286 

information about the samples, such as location and sample identification. For easier analysis of 287 

the collected data, we separated the downloaded studies from QIITA and pooled them into 4 288 

datasets. These OTU tables and metadata were uploaded onto a web-based tool for analyzing big 289 

data called Hegemon (7, 8, 27-29).  290 

 291 

Boolean Implication Analysis 292 

To classify a relationship, thresholds are first determined for each microbe using the StepMiner 293 

algorithm. The StepMiner algorithm (30) is a tool that helps identify step-wise transitions (either 294 

step-up or step-down transitions) calculated using sum-of-square errors. Steps are defined as the 295 

sharpest change between low microbe frequency count and high microbe frequency count. In order 296 

to fit a step function, the StepMiner algorithm computes the average of the values on both sides of 297 

the step for all possible step positions. The midpoint of the step position that minimizes the square 298 
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error is chosen as the threshold for each respective microbe. The step is placed at the largest jump 299 

from low values to high values, and the sets the threshold at the point where the step crosses the 300 

original data. If the microbe frequencies are evenly distributed from low to high, the mean 301 

frequency level tends to be used. Microbe frequencies are further classified as either ‘high’, ‘low’, 302 

or ‘intermediate’. If t is the microbe frequency threshold, frequency levels above t + 0.5 are ‘high’, 303 

levels below t – 0.5 are ‘low’, and levels between t – 0.5 and t + 0.5 are ‘intermediate’. Points in 304 

the intermediate region are ignored because these points might appear on either side of the 305 

threshold due to noise.  306 

 307 

The OTU tables are uploaded onto Hegemon to visualize the samples on scatter plots, comparing 308 

two microbes against each other. All microbe pairs are analyzed to determine if any Boolean 309 

relationships are present. In each graph, one microbe species’ frequency (using OTU ID A)  is 310 

plotted on the x-axis, and another microbe species’ frequency (OTU ID B) is plotted on the y-axis. 311 

Each data point represents a sample, and the frequencies are plotted on a log-log scale. From here, 312 

Boolean implication analysis is applied to the scatter plots. Using the graphs constructed on 313 

Hegemon, microbe pairs are analyzed to determine if a Boolean relationship is present. There are 314 

six possible Boolean implications: symmetric (opposite and equivalent) or asymmetric (low → 315 

low, low → high, high → low, high → high).  316 

 317 

The asymmetric are determined by checking if one of the four quadrants in the scatter plot is 318 

significantly sparse compared with other quadrants. If A low → B low and A high → B high are 319 

both sparsely populated, then A is equivalent to B. If A high → B low and A low → B high are 320 

both sparsely populated, then A is opposite to B. The BooleanNet statistics tests (27) determine 321 
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whether there is a Boolean relationship between A and B. Consider the relationship A low → B 322 

high. First, test if the microbe frequencies in the sparse quadrant is significantly less than the 323 

expected frequencies in an independence model. Let a00, a01, a10, and a11 represent the quadrants in 324 

which the microbe frequencies of A and B are low and low, low and high, high and low, and high 325 

and high, respectively. 326 

 327 

𝑡𝑜𝑡𝑎𝑙 = 𝑎00 + 𝑎01 + 𝑎10 + 𝑎11 328 

number of A low expression values = 𝑛𝐴𝑙𝑜𝑤 = (𝑎00 + 𝑎01) 329 

number of B low expression values = 𝑛𝐵𝑙𝑜𝑤 = (𝑎00 + 𝑎10) 330 

𝑒𝑥𝑝𝑒𝑐𝑡𝑒𝑑 = (
𝑛𝐴𝑙𝑜𝑤

𝑡𝑜𝑡𝑎𝑙
×

𝑛𝐵𝑙𝑜𝑤

𝑡𝑜𝑡𝑎𝑙
) ×  𝑡𝑜𝑡𝑎𝑙 = (𝑎00 + 𝑎01) ×

(𝑎00 + 𝑎10)

𝑡𝑜𝑡𝑎𝑙
 331 

𝑜𝑏𝑠𝑒𝑟𝑣𝑒𝑑 = 𝑎00 332 

𝑆 𝑠𝑡𝑎𝑡𝑖𝑠𝑡𝑖𝑐 =
𝑒𝑥𝑝𝑒𝑐𝑡𝑒𝑑 − 𝑜𝑏𝑠𝑒𝑟𝑣𝑒𝑑

√𝑒𝑥𝑝𝑒𝑐𝑡𝑒𝑑
 333 

Second, the observed values in the sparse quadrant are considered erroneous points, so a sparse 334 

quadrant should have a small number of these erroneous points. A maximum likelihood estimate 335 

of the error rate is then computed: 336 

 337 

𝑒𝑟𝑟𝑜𝑟𝑟𝑎𝑡𝑒 =
1

2
(

𝑎00

𝑎00+𝑎01
+

𝑎00

𝑎00+𝑎10
)  338 

 339 

If both tests succeed, the low-low quadrant is considered sparse, so the implication A low → B 340 

high is true. An implication is considered significant if the S statistic is greater than 3 and the 341 

error rate is less than 0.1. All the microbe relationships that pass both of these tests are now 342 

considered candidate invariants.  343 
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 344 

Analysis of metadata 345 

We used a Hegemon function that calculates the differential analysis for specific factors in the 346 

metadata using t-tests in R software framework (R version 3.4.4 - 2018-03-15). We then selected 347 

the OTU IDs that had higher mean differential values and higher –log10(p) values. After the list of 348 

potential IDs were generated, we visually confirmed on Hegemon whether certain factors such as 349 

environment versus animal or body site affects the microbe counts.   350 

 351 
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 472 

Figure Legends: 473 

Figure 1. Study design 474 

The overview of the research process: (a) OTU tables were collected from publicly available 475 

microbiome datasets. (b) Tables were uploaded to Hegemon and all possible microbe pairs were 476 

plotted (Using 4 plots as examples - The number of total plots is larger). (c) Boolean analysis was 477 

performed on all the plots. (d) The plots that passed the BooleanNet statistics tests were marked 478 

as candidate invariants for further analysis and validation. (e) Any of the determined candidates 479 

that can be validated in other datasets, represents a likely universal invariant (a rule between two 480 

microbes that holds between them, any time the pair are present together in any environment). 481 

*Note that this is just an example. A universal invariant can be any of the 6 possible Boolean 482 

relationship. 483 

 484 

Figure 2. Boolean implication relationships represent diversity in microbiome data 485 

All four types of Boolean relationships found in our dataset. (a) Describes the StepMiner algorithm 486 

that creates thresholds for each microbe. Among all samples, the frequencies of a particular 487 

microbe are sorted and a step function is fitted where the sharpest change between low microbe 488 
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count and high microbe count takes place. The midpoint of the step position that minimizes the 489 

square error is chosen as the threshold for each respective microbe.  (b) Depicts a log-log plot of 490 

the number of each type of relationship and the corresponding number of microbes that exhibit 491 

that specific relationship. The remaining diagrams display each of the four types of relationships 492 

found. Each point in the scatter plot corresponds to a sample, where the two axes represent the 493 

frequency counts of each microbes. (c) high → low (d) high → high (e) low → low (f) equivalent 494 

 495 

Figure 3. Boolean implication reveals strong patterns in diverse biological and 496 

environmental conditions 497 

Analysis of scatter plots with various experimental conditions using metadata files that provided 498 

additional information about the samples. Section 1: green represents environmental samples 499 

(plants, water, soil, etc.) and red indicates animal samples (humans, animals). (a) Polynucleobacter 500 

(145533) low → Candidatus Xiphinematobacter (786420) low; this relationship is only present in 501 

environmental microbiomes due to the lack of red samples in the plot. (b) Polynucleobacter 502 

(3071019) high → Bacteroides uniformis (197072) low; this relationship suggests 503 

Polynucleobacter is mainly present in the environment, and Bacteroides uniformis is mainly 504 

present in animals. Section 2: (c) and (d) have the same microbes on the axes Staphylococcus 505 

aureus (446058) and Corynebacterium (1000986), but different regions of the body plotted: skin 506 

(dark blue) and feces (green). (c) shows the relationship S. aureus low → Corynebacterium low 507 

holds for the skin region. (d) shows the relationship using fecal samples, and there is not a clear 508 

relationships that can be determined from this. Section 3: Pink represents Crohn’s Disease (CD), 509 

teal represents Ulcerative Colitis (UC), and light gray represents neither disease. (e) The 510 

relationship Actinomyces (12574) high → Lachnospiraceae (4469576) low is shown, with higher 511 
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counts of Lachnospiraceae in CD, and higher counts of Actinomyces in UC. (f) shows the 512 

relationship Streptococcus (4467992) high → Lachnospiraceae (4469576) low, with higher counts 513 

of Lachnospiraceae in CD, while higher counts of Streptococcus in UC. Section 4: Magenta 514 

represents eczema, blue represents psoriasis, and beige represents neither skin condition. (g) The 515 

relationship Acinetobacter johnsonii (4482374) low → Corynebacterium (361600) low is shown. 516 

Patients with psoriasis tend to have higher counts of Corynebacterium than patients with eczema. 517 

(h) The relationship Ruminococcaceae (4346675) high → Anaerococcus (927089) low is shown. 518 

Patients with psoriasis tend to have higher counts of Anaerococcus, while patients with eczema 519 

tend to have higher counts of Ruminococcaceae. 520 


