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Abstract

As the global population is expected to reach 9.4 billion by 2050, food demand is expected to require

a doubling of food production. One of the main obstacles in achieving this goal is the prevalence of dis-

eases caused by plant pests and pathogens, which are responsible for approximately 30% of pre-harvest

crop loss. This study seeks to learn the design rules for engineering disease-suppressive soils (DSS), soils

in which plants thrive despite the presence of pathogens. Microbial communities and their interactions

contribute to the establishment, pathogen-suppressive properties, and maintenance of DSS. This work

focuses on members of the bacterial genus Streptomyces. Streptomyces is well-known as a source of numer-

ous antibiotics, and has previously been implicated in DSS.

We examine the genomes of three distinct Streptomyces isolates from unique soil environments, in-

cluding DSS. The isolates were selected for their exquisite inhibitory effects, and ability to interact with

a wide range of Streptomyces species. Interestingly, comparative genomic analysis does not reflect their

phenotypic distinctiveness, suggesting that their unique characteristics may arise from specific gene ex-

pression responses to environmental stimuli, including other microbial taxa.

We explore how gene expression changes in Streptomyces communities of varying complexities. We

measure genome-wide transcriptional changes, with a focus on biosynthetic gene clusters, the source

of small molecules like antibiotics. A key finding is the potential role of iron in influencing microbial

community interactions, shedding new light on the complex dynamics within DSS.

This work includes a study focused on simulation modeling techniques to optimize gene expression

within engineered multi-gene systems. This approach, while initially inspired by small molecule titer

improvement, could be extended to the design of microbial consortia for environmental and agricultural

applications.
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The dissertation concludes by integrating these findings within the context of soil microbial ecology

and the potential for engineering microbial consortia. Finally, we propose promising threads to follow as

future research directions.
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Chapter 1

Introduction

Existential threats, such as global food crises and climate change, are poised to be the most significant

challenges confronting humanity in this century. It is projected that by 2050, the global population will

reach 9.4 billion people. Concurrently, the global demand for food is expected to double by 2050 (1),

necessitating a 30-70% increase in crop yields to meet this escalating demand (2,3). Achieving higher

crop yields is a complex issue with multiple influencing factors. A primary factor that hinders achieving

higher yields is the diseases caused by plant pests and pathogens. Similar to humans, plants are vulnera-

ble to diseases induced by various pathogens, including bacteria, fungi, and other pests (4). Roughly 30%

of crops are lost before harvest due to these pests and pathogens (4,5). Management strategies predomi-

nantly involve the use of chemical pesticides. While these pesticides can help control pests, they come

with significant downsides: they increase production costs, do not always result in yield improvements,

and pose substantial risks to the environment (6,7). Therefore, innovative strategies to prevent crop loss

are essential to sustainably feed the world’s growing population.

Nature has already devised ways to combat plant pathogens, one of which is through disease-suppressive

soils (DSS). These are soils in which plants prosper, despite the presence of pathogens. The study of DSS

dates back to the late 1800s (8), but it wasn’t until the 1930s (9) that researchers began attributing some of

the properties of these soils to their microbial inhabitants. Today, it is widely understood that beneficial
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taxa in the soil microbiome are the primary contributors to the anti-pathogen properties of DSS.

One significant bacterial family involved in DSS is Streptomyces (10). These bacteria are known for

producing a variety of biologically active compounds with a range of uses including antibacterial, anti-

fungal, nematicidal, as well as anti-cancer. In fact, Streptomyces are the source of over two-thirds of the

antibiotics that are currently used in clinical settings (11). It is therefore likely that a major part of the

disease-suppressive qualities of DSS can be attributed to the antibiotics produced by these beneficial

bacteria.

The aim of this thesis is to build upon build upon what is known regarding soil microbial commu-

nities, with the purpose of one day being able to leverage these findings towards engineering of disease-

suppressive microbial consortia inoculants for agriculture. There are several examples of engineered mi-

crobiomes, or communities in the literature. Engineered consortia have been utilized in a distribution of

labor scheme (12,13) in which separate modules of metabolic pathways reside in different members of the

consortia, between which intermediates for the final product are shared. However, these are limited to

pathways of limited complexity. Interactions in soil microbial communities are immensely complex, con-

taining examples of both competition, and cooperation. Co-inoculation of microbes either on seed or

root has been demonstrated to be useful in improving nitrogen uptake (14), phosphorus solubilization (15)

and uptake (16), reducing disease incidence (17,18), and improving plant yield (14,15,18,19). While these are

promising examples showing desired crop outcomes as a function executed by consortia, and have been

utilized in commercial agriculture (20), these are transient effects. One of the most exciting features of

DSS that have developed in response to a pathogen outbreak is the capacity of the pathogen inhibiting

microbial taxa to stay resident and respond to new typically disease-inducing pressure events from the

same pathogen (21).

If we hope to engineer soil microbiomes in a bottom-up, approach we must develop a deeper under-

standing of how all these diverse modes of interaction come together to build consortia with defined out-

put functions, coupled with robustness to the unknown variables encountered in soil. With recent ad-
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vances in DNA sequencing (22), proteomics (23), metabolomics (24), and computational frameworks (25,26);

we are amassing the foundational technologies required to address the scale necessary to begin learning

the design rules of microbiome engineering (27). To this end we apply genomics, transcriptomics, and

simulaton methods. The scope of this thesis work is focused on a set of microbes sourced from unique

ecosystems, with a subset of these microbes having been shown to engage with each other in communica-

tion networks ranging in degree of complexity (28).

Leaning on what is known regarding Streptomyces genomes and microbial signaling, in Chapter 1 we

investigate the genomes of three streptomycetes isolated from unique soil ecosystems including disease-

suppressive soils. Each of these isolates have been featured due to their exquisite inhibitory phenotypes,

or their ability to signal a high number of other Streptomyces isolates. We learn that although they stand

out phenotypically among many other isolates, this uniqueness is not not easily seen through compar-

ative genomics. While not explicitly stated in Chapter 1, this finding suggests that it may be changes in

gene expression in response to their environment that lead to these unique phenotypes.

Chapter 2, the major component of my thesis work, aims to determine how gene expression changes

in a set of streptomycetes, thought to have co-evolved and known to engage in communication, at dif-

ferent levels of community complexity. The work provides general insights into how transcription

changes across the genome in response to community participation. We also explore how gene expres-

sion changes within biosynthetic gene clusters, groups of genes that work together to produce small

molecules including antibiotics. Narrowing down on changes in expression of primary metabolic genes,

we find clues to the possibility of iron acting as a modulator of community interactions. Finally, we set

the stage for future iterations of transcriptomics experiments targeting microbial communities by detail-

ing best practices to avoid some of the limitations to our experiment.

Chapter 3 explores simulation modeling strategies for optimization of multi-gene expression experi-

ments. The focus of this study is on increasing titers of small molecules produced by engineered biosyn-

thetic gene clusters. It is inspired by the goal of optimizing production, rather than discovery, of valu-
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able small molecules. However, while not discussed in Chapter 3, this approach could also be useful in

the design of microbial consortia in two ways. First, given that microbial communities are shaped, in

part, by these small molecule metabolites, it follows that the tuning of their production may be a useful

lever when engineering microbial consortia. Second, the simulation framework could also be used to

explore the combinatorial space of naturally-occurring isolates, at different abundance ratios, and their

performance on a measurable objective function (e.g. plant health, toxin remediation, etc.). We find

that the search algorithms compared are sensitive to landscape ruggedness, as well as breadth and size of

sampling when measuring the dependent variable.

Chapter 4, the concluding chapter, attempts to fit this body of work within the field of soil microbial

communities, communication within microbial consortia, and their engineering. I provide thoughts on

how this work could be expanded upon as well as an outlook on the field in general.
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Chapter 2

Complete genome sequences of Streptomyces spp. isolated from

disease-suppressive soils

The following is a reprint of the article Heinsch, S. C., Hsu, S. Y., Otto-Hanson, L., Kinkel, L., & Sman-

ski, M. J. (2019). Complete genome sequences of Streptomyces spp. isolated from disease-suppressive

soils. BMC genomics, 20(1), 1-13.

Article hyperlink:

https://doi.org/10.1186/s12864-019-6279-8

LK andMJS conceived the study. SCH, SH, andMJS isolated genomic DNA, performed data process-

ing, genome assembly, and computational analyses. LH and LK performed strain isolation, cultivation,

and phenotypic assays. SCH, LK, andMJS wrote the manuscript. All authors read and approved the

final manuscript.

2.1 Summary

Bacteria within the genus Streptomyces remain a major source of new natural product discovery and

as soil inoculants in agriculture where they promote plant growth and protect from disease. Recently,

Streptomyces spp. have been implicated as important members of naturally disease-suppressive soils. To

shine more light on the ecology and evolution of disease-suppressive microbial communities, we have
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sequenced the genome of three Streptomyces strains isolated from disease-suppressive soils and compared

them to previously sequenced isolates. Strains selected for sequencing had previously showed strong phe-

notypes in competition or signaling assays. Here we present the de novo sequencing of three strains of

the genus Streptomyces isolated from disease-suppressive soils to produce high-quality complete genomes.

Streptomyces sp. GS93–23, Streptomyces sp. 3211–3, and Streptomyces sp. S3–4 were found to have lin-

ear chromosomes of 8.24 Mb, 8.23 Mb, and greater than 7.5 Mb, respectively. In addition, two of the

strains were found to have large, linear plasmids. Each strain harbors between 26 and 38 natural prod-

uct biosynthetic gene clusters, on par with previously sequenced Streptomyces spp. We compared these

newly sequenced genomes with those of previously sequenced organisms. We see substantial natural

product biosynthetic diversity between closely related strains, with the gain/loss of episomal DNA el-

ements being a primary driver of genome evolution. Long read sequencing data facilitates large contig

assembly for high-GC Streptomyces genomes. While the sample number is too small for a definitive con-

clusion, we do not see evidence that disease suppressive soil isolates are particularly privileged in terms

of numbers of biosynthetic gene clusters. The strong sequence similarity between GS93–23 and previ-

ously isolated Streptomyces lydicus suggests that species recruitment may contribute to the evolution of

disease-suppressive microbial communities.

2.2 Introduction

Roughly one third of pre-harvest crops are lost each year worldwide due to agricultural pests and dis-

ease (5). Ninety percent of the 2000 major diseases of the 31 principle crops in the US are caused by

soil-borne pathogens (29,30), and soil microbial communities can have a protective effect (31). Crops are

particularly susceptible to disease during their establishment period and when introduced into a new ge-

ographic location (32,33). With the predicted changes in agricultural land use that will accompany climate

change or a shift towards crops that support biofuel production, it is important to develop innovative
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approaches to combat crop losses to disease.

Natural and agricultural disease-suppressive soils (DSSs) have been identified that provide long-

lasting and stable protection against numerous bacterial and fungal pathogens (34). In addition to pre-

venting crop loss, DSSs can lower the cost of production by removing the need for pesticide application.

They have been reported against many major crop pathogens, including wheat take-all disease, potato

scab, and wilt on melon (35–39). Disease-suppression is correlated with increased antagonistic or compet-

itive capacities in one or more isolates from the soil microbial community, and this behavior can emerge

in a soil following long-termmonoculture (34,40–43). However, long-termmonoculture is not an attrac-

tive management strategy to create DSSs, as it generally takes a decade or more for DSSs to emerge and

there would be increased plant losses in the short-term. A better understanding of the composition and

ecology of DSSs will facilitate engineering soil communities for crop protection.

Recent investigations into the mechanisms of disease suppression, including metagenomic analyses of

DSSs (10,34) and phenotypic characterization of microbial isolates (44,45), point to the importance of nat-

ural product biosynthesis within a few privileged microbial taxa. Not only are known natural product

producers, Actinomycetes and Pseudomonads, enriched in DSS samples, but interruption of natural prod-

uct biosynthesis genes interferes with disease-suppression (10). Further, ecological models that describe

the emergence and maintenance of DSSs propose a link between plant biodiversity and the evolution of

DSSs. In soils supporting diverse plant species, root exudates and decomposing biomass supply diverse

nutrients to soil microbes, which can evolve to co-exist via niche-differentiation. However, in long-term

mono-species plant plots, the abundant but non-diverse plant nutrients create a competitive soil environ-

ment that favors the evolution of antagonism through antibiosis (34).

Because the metagenomics, phenotypic, and theoretical work all point to the importance of natural

products in the formation and maintenance of DSSs, we have sought to better understand natural prod-

uct biosynthesis in these communities. The observation that isolates fromDSSs are more likely to pro-

duce antibiotics that target sympatric isolates (46) [20] supports several alternative hypotheses surround-
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ing natural product biosynthesis. Highly antagonistic microbial strains should either (i) encode more

natural product biosynthetic gene clusters (BGCs) in their genomes than isolates from non-suppressive

soils, (ii) encode the same number but actively express a greater percentage of their BGCs, or (iii) pro-

duce the same number of natural products, but these compounds are enriched in the biological activities

that are important for the formation of DSSs. The first hypothesis is directly testable through whole

genome sequencing and comparison.

Here we present the first genome sequences for Streptomyces spp. isolated fromDSSs. Genomes were

sequenced with both long-read PacBio and short-read Illumina technology to produce high-quality and

nearly complete sequences for each strain. Bioinformatic analyses highlight the importance of natural

product biosynthesis in these isolates, and comparative genomics provides insight to the evolution and

ecology of DSSs.

2.3 Results

2.3.1 Isolation and phenotypic characterization of strains

Each of the strains sequenced for this study were selected because (i) they were isolated from soils with

measurable disease-suppressive characteristics, and (ii) they displayed strong phenotypes in competition

or signaling assays.

Streptomyces sp. GS93–23 was isolated from a potato scab-suppressive plot in Grand Rapids, MN us-

ing the Anderson Air Sampler isolation method (47,48). This strain performed the best of  800 isolated

strains at combating potato scab (47). GS93–23 also shows antifungal activity against Phytophthora med-

icaginis and Phytophthora sojae, two fungal pathogens of alfalfa. This activity extended to soil studies,

where GS93–23 protected alfalfa, reducing the percentage of dead plants from 50 to 0% when pathogens

were seeded at low density (49). Further, compared to no-treatment controls, GS93–23 increased plant

growth and yield (forage weight per pot), suggesting direct or indirect plant growth promotion activ-
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ity. Lastly, GS93–23 was found to be strongly antagonistic against other Streptomyces spp., but did not

reduce nodule production by rhizobial bacteria (49).

Streptomyces spp. S3–4 and 3211–3 were isolated from pathogen suppressive soils located in the Cedar

Creek Ecosystem Science Reserve (CCESR), an NSF long-term ecological research site (50). S3–4 was iso-

lated from soil in a long-term big bluestem (Andropogon gerardii) monoculture plot and is antagonistic

against sympatrically evolved soil isolates (51). Strain 3211–3 was isolated from a native prairie control

plot at CCESR. It has a strong signaling phenotype, defined as the ability to elicit antibiotic/antifungal

production in strains with which it is cultured on close spatial proximity (52).

2.3.2 PacBio sequencing and assembly of genomes

Initial genome sequencing and scaffold assembly was performed on a Pacific Biosciences (PacBio) RS sin-

gle molecule sequencer (October 2014). Genomic DNAwas size-selected using Blue-Pippen 20 kb and

sequenced in three SMRTcells each. The first two SMRTcells for each genome were run using P4 chem-

istry, and third SMRTcell was run for each genome with P6 chemistry. Initial read assembly using the

PacBio HGAP2 algorithm and sequence polishing using the PacBio Resequencing algorithm produced

genome sizes of and contig numbers shown in Table 2.1. Final coverage was >100x for each genome.

Table 2.1: Comparison of general chromosome characteristics

GS93-23 3211-3 S3-4
Assembled genome size (bp) 8,243,179 8,991,292 8,056,350

Chromosome size (bp) 8,243,179 8,232,231 > 7,504,752
Chromosome topology Linear Linear Linear

Chromosome G + C content 72% 71% 73%
rRNA operons 7 7 8
tRNA genes 66 77 73

Protein-coding genes G + C content 7188 8087 7071
Natural product BGCs 26 38 28

The high GC-content of Streptomyces genomes produces many homopolymer G and C stretches,
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which can produce errors during base-calling and genome assembly. Low-coverage Illumina sequence

data was collected for error correction. Illumina sequencing was performed on aMi-seq instrument to

collect 2 × 250 base paired end reads equating to 110-fold (3211–3), 118-fold (GS93–23), or 155-fold

(S3–4) coverage for each genome. Final, error-corrected genome sequences were generated by mapping

Illumina short reads to PacBio-generated reference genomes using the BreSeq algorithm (53), and incor-

porating single nucleotide polymorphisms (SNPs) and short Indels using the Pilon algorithm (54) .

2.3.3 Comparison of Illumina-corrected and PacBio-alone genome sequences

The short-read corrected genome sequences were compared to the PacBio-only assemblies, and 70, 295,

and 335 SNP/Indels were present between the two assemblies for GS93–23, S3–4, and 3211–3, respec-

tively. In each case, the vast majority were single base insertions in homopolymer stretches. We next

sought to verify that the short-read corrected sequences were indeed a better representation of the ac-

tual genome sequence, as the two sequencing platforms are known to generate different types of errors.

To determine which sequence variant was correct for each SNP/indel, translated protein sequences at

each of the 295 SNP/indel loci in the S3–4 genome were compared against the NCBI GenBank non-

redundant database, with the assumption that a frameshift resulting from an indel will result in a worse

top blast hit for a stretch of DNA. Figure A.1 shows the comparison of significance score for BLASTx

results of searching a fragment of DNA +/− 150 bases from the variant loci. This analysis is only ex-

pected to reveal the correct sequence variant when (i) the indel is present within a coding DNA sequence

(CDS), (ii) correct protein sequences for close homologs are present in GenBank, and (iii) the 300 base-

pair window that is searched is sufficiently focused such that top BLAST hits align to the translated

query in the region of the variant locus (i.e. at the center of the query, not the edges). We find that the

Illumina-corrected sequence returns a top BLASTx hit with lower (better) E-value twice as often as the

uncorrected sequence. The average E-values for the top BLASTx hit alignment are six orders of mag-

nitude lower (better) for the short-read corrected sequences compared to the PacBio-only sequences.
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Because of this, we use the short-read corrected genome sequences for the remaining analyses.

2.3.4 General characteristics of the genome sequences

Wewere able to assemble the chromosome as a single large contig for strains GS93–23 (8.24 Mb) and

3211–3 (8.23 Mb), and as two large contigs for S3–4 (4.19 Mb and 3.31 Mb) (Figure 2.1 and Table 2.1).

For S3–4, the two chromosome arms can be oriented relative to one other with high confidence based

on GC-skew, orientation of rRNA operons, and enrichment of specialized metabolite gene clusters

at chromosome arms (Figure 2.1, rings 8, 6, and 4, respectively). Manual attempts to close the gap by

retrieving PacBio reads that mapped to each contig were unsuccessful. The gap is present in a locus that

is especially repetitive, with 3 rRNA operons in close proximity. The overall G + C content (71–73%)

and differences in G/C skew for the chromosome arms in each genome are similar to what has been

reported for other genomes from this genus (55–60). In addition to the large linear chromosomes, strains

3211–3 and S3–4 each contain two large linear plasmids (519 Kb and 240 Kb for 3211–3, 349 Kb and

203 Kb for S3–4).

Annotation of the genomes with the Prokka software tool (61) identified 7188 CDSs, 7 ribosomal

RNA operons, and 66 tRNAs for GS93–23. Similar numbers of annotated genes were present in the

S3–4 genome (7071 CDSs, 8 rRNA operons, 73 tRNAs), and slightly more in the 3211–3 genome

(8087 CDSs, 7 rRNA operons, 77 tRNAs), accounting for its larger total size. Gene products were as-

signed to Clusters of Orthologous Groups (COGs) using the BASys platform (62). Functional categoriza-

tion of proteins reported in Table 2.2 in comparison to the model organism, S. coelicolor A3 (2) were

performed with EggNOG-mapper (63).
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Figure 2.1: Schematic representation of genome sequences for strains GS93–23, 3211–3, and S3–4. Outer, solid black ring
shows contig length in Mb. Second and third rings show annotated CDSs in the forward or reverse orientation, respectively,
colored by functional classification. Genes involved in metabolism are green, information storage and processing are purple,
cellular processes and signaling are yellow, and unknown functions are grey (see Table 2.2. Fourth and fifth rings show high‐
confidence and putative natural product BGCs, respectively. High‐confidence BGCs are colored by biosynthetic class, with
polyketides light green, non‐ribosomal peptides orange, terpenes yellow, nucleosides purple, RIPPs dark green, and hybrid
clusters tan. Sixth ring shows functional RNA elements, including rRNA (reverse orientation orange, forward orientation red)
and tRNAs (reverse orientation blue, forward orientation green). Seventh and eighth rings show G + C content and G + C skew,
respectively. Each is shown for two window sizes: 10 Kb (dark blue above average, dark orange below average) and 1 Mb
(light blue above average, light orange below average). Only the 10 Kb resolution data is shown for plasmids.
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2.3.5 Annotation of natural product biosynthetic gene clusters

Because natural product biosynthesis is thought to play a mechanistic role that underpins the ecology of

disease suppressive soils (10,64), we have analyzed the genomes for their biosynthetic potential using the

antiSMASH 3.0 toolkit (65). We conservatively assigned specific molecules to these BGCs only when the

annotated gene clusters share 100% of the biosynthetic genes from previously characterized BGCs by

manual comparison (Additional file Information). For ribosomally produced and post-translationally

modified peptides (RiPPs), we predict the production of minor structural variants when the sequence of

precursor peptides is slightly different than in characterized BGCs. The 26 high-confidence BGCs iden-

tified in the GS93–23 genome include known pathways for RiPP cyclothiazomycin (66), the dienoylte-

tramic acid streptolydigin (67), and the lipoglycopeptide mannopeptimycin (68). The 38 high-confidence

BGCs in the 3211–3 genome include known pathways for the chlorinated non-ribosomal peptide

tambromycin (69), the siderophore coelichelin (70), and terpenoid 2-methylisoborneol (71). The 28 high-

confidence BGCs in the S3–4 genome include known pathways for 2-methylisoborneol, and the amino-

glycoside streptothricin (72). In addition, all three genomes contain the highly conserved BGCs for the

siderophore desferrioxamine b (73), terpenes geosmin (74) and hopene (75), minor structural variants of

lantibiotic SapB (76), and osmoprotectant ectoine (77).

The majority of BGCs identified in these genomes remain uncharacterized. Intriguing pathways in-

clude a 178 Kb polyketide cluster on a plasmid in S3–4 that putatively encodes a 60-member macrolide,

and a pyrrolopyrrole-containing metabolite in 3211–3.

2.3.6 Comparison to closest sequenced relatives

We compared the draft genome sequences to a collection of 500 publicly available actinomycete genomes

using multi-locus sequence comparison to identify the closest sequenced relative of each (Figure 2.2).

S3–4 groups with the small Streptomyces katrae clade near type strain NRRL-ISP 5550 (78). Strain
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3211–3 is in the neighboring Streptomyces virginiae clade defined by the type strain NRRL ISP-5094 (79).

GS93–23 clusters with the Streptomyces lydicus type strain NRRL-ISP 5461 (80).

We identified closely related genomes in the available whole-genome sequence databases for each of

our DSS isolates (Figure 2.3). For each of our newly sequenced strains, a previously published genome

was available with high sequence similarity in several common phylogenetic markers (16S rRNA, rpoB,

and multi-locus sequencing (MLS) using ribosomal proteins) (Figure 2.3a). Our closest pair of new and

previously reported genomes is GS93–23 and S. lydicusNRRL ISP-5461, which share 100% identity of

16S rRNA and 99.92% identity using MLS comparison. Even our most divergent pair, S3–4 to Strep-

tomyces sp. WM6372, shared > 98% identity at the 16S rRNA level and > 96% identity at the rpoB level,

and 93.72% by four-gene MLS comparison (atpD, gyrB, rpoB, trpB).

Genome pairs were compared to determine the amount of shared sequence across the entire genome

(Figure 2.3b). Alignments were constructed inMauve and alignment gaps were mapped back to the

new high-quality reference genomes. Alignment gaps between of GS93–23 and ISP-5461 are uniformly

distributed across the chromosome. Insertions or deletion events greater than 100 bp account for only

4.5% of the genome sequence as a whole (Figure 2.3b), with a similar proportion being lost/gained in

BGCs as in the rest of the genome (Figure 2.3b).

The high-level of sequence conservation between GS93–23 and ISP-5461 allowed us to examine the

micro-scale evolution of these genomes. There are approximately 40,000 SNPs between the two, making

the sequence identity in the aligning sequences greater than 99.5%. Interestingly, the position of SNPs

relative to CDSs shows a marked de-enrichment in (i) the approximate position of the Shine-Dalgarno

sequence in the 5′-UTR, and (ii) the 5′ end of the CDS (Figure 2.3c). This suggests a selection for main-

taining relative translation rates of encoded genes, as both loci are important in determining translation

initiation rates in bacteria (81). Most of the  33,000 SNPs in CDSs encode silent mutations. Of the mis-

sense mutations, the majority are conservative in terms of amino acid chemistry (Figure 2.3d). The ratio

of synonymous to non-synonymous mutations (dS/dN) is 1.8, which is substantially lower than seen in
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Figure 2.2: Molecular phylogeny of newly sequenced strains. (a) Phylogenetic tree of 496 publicly available Streptomyces
genomes. Mycobacterium tuberculosis H37Rv was used as outgroup. Select regions of the atpD, gyrB, recA, rpoB, and trpB
genes were concatenated and used to generate a multi‐locus alignment in the MEGA7 software package. Genetic distances
(average nucleotide identity) generated from the multisequence alignment were used to build a phylogenetic tree using the
maximum likelihood method. Clades containing the newly sequenced genomes are S. katrae (S3–4, blue), S. virginiae (3211–3,
green), and S. lydicus (GS93–23, red). Subtrees composed of S. katrae and S. virginiae (b), and S. lydicus (c) showing the newly
sequenced isolates and their closest relatives.
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Figure 2.3: Comparative analysis of with closest sequenced relatives. (a) Sequence identity between newly sequenced strains
and closest relatives, with 16S rDNA (black), rpoB gene (dark grey) and multilocus sequence comparison (light grey) shown
for each pair of strains. (b) Genomic location of alignment gaps larger than 100 bp. Grey ring represents newly sequenced
genomes, with high‐confidence and putative BGCs labeled as in Figure 2.1 Outer ring shows location of extra sequence
present in closest relative but missing in our newly sequenced strain. Inner ring shows location of extra sequence present
in newly sequenced strains but missing from closest relative. (c) SNP analysis of strain GS93–23 and its closest relative ISP‐
5461. Pie‐chart in upper right shows relative proportion of silent, missense, and nonsense mutations. Circle chart at left
shows frequency of all SNPs found in CDSs, with the outer ring showing one‐letter code for amino acids, colored according
to chemical property (hydrophobic, orange; hydrophilic, green; basic, blue; acidic, pink). Three‐base code is shown using three
inner rings, with innermost representing the first codon position and outermost representing the last codon position. For
each codon, there are two nodes on the graph. In the clockwise direction, the first node corresponds to a codon in GS93–23
and the second node to ISP‐5461. Each CDS SNP is represented by an arc connecting a codon in GS93–23 to a codon in ISP‐
5461, with the width of the arc indicating number of instances of that mutation. (d) Location of SNPs relative to CDS position.
Top line graph shows enrichment of SNPs upstream of start codons using absolute positions, with the solid blue line showing
average value for a sliding 3‐base window and the light‐blue filled region showing one standard deviation in either direction.
Bottom line graph shows SNP abundance versus relative position in CDS, where relative position equals absolute position
divided by CDS length. Black line and grey boxes show average SNP abundance and 1‐, 2‐standard deviations as calculated
for the last 90% of the CDS. CDS: coding DNA sequence; SD: Shine‐Dalgarno sequence.

17



housekeeping genes in E. coli and invasion genes from S. enterica (82,83), suggesting that there has been

little selective pressure against non-synonymous mutations and that these two strains belong to the same

clonal complex (84,85).

Despite the strong similarity between GS93–23 and ISP-5461, there are still substantial differences

between the two strains. GS93–23 contains 98 genes that are missing in ISP-5461, and ISP-5461 con-

tains 11 unique genes. 66/98 genes unique to GS93–23 are of unknown function. Of genes with func-

tional annotations the largest categories specific to GS93–23 are transcriptional regulators (11/98) and

metabolic enzymes (10/98). Of the genes unique to ISP-5461, only a single gene was of unknown func-

tion. The largest functional categories for genes unique to ISP-5461 also were transcriptional regulators

(3/11) and metabolic enzymes (3/11).

The other two DSS genomes presented here are more divergent from the nearest sequenced rela-

tive. Both 3211–3 and S3–4 have two large plasmids that are absent in their closest relatives, S. virginiae

NRRL B-1447 and S. katrae NRRL ISP-5550, respectively. These changes alone account for 9 and 7%

of the total genome content, respectively. The plasmids in S3–4 are rich in secondary metabolism genes,

with four large gene clusters totaling roughly 500 kb of sequence. Besides the plasmid differences, the

chromosome of 3211–3 contains 285 large (> 100 bp) insertions compared to B-1447, totaling 609 kb

of new sequence, and 309 large deletions totaling 758 kb of sequence lost. In the regions that do align,

there are 102,000 SNPs, corresponding to an average sequence identity of 98.7% across the genome. The

S3–4 genome lacks a close homolog in the sequence databases. Despite sharing 96.3% sequence identity

of the rpoB gene, 26% of the S3–4 genome does not align with theWM6372 sequence.

We next compared the natural product biosynthetic potential for these three strains by analyzing their

BGC content. Our closest pair, GS93–23 and ISP-5461, share 26/26 of the high-confidence BGCs and

61/64 ‘putative’ clusters (co-localized clusters of genes that belong to COGs typically found in BGCs,

but which lack canonical secondary metabolism signature sequences). The next closest pair, 3211–3

and B-1447, which share 99.7% similarity of the rpoB gene, have in common only 31/38 of the high-
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confidence BGC annotations, which is driven mostly by the presence of two plasmids in 3211–3 missing

from B-1447. Between S3–4 andWM6372 (96.3% identity of rpoB), 12/28 of high-confidence BGCs

are shared, and 27/54 ‘putative’ clusters. These relationships between genetic distance and BGC overlap

follow the general trend for rpoB conservation and non-ribosomal peptide synthetase (NRPS) BGC

overlap described by Doroghazi et al. (86).

2.3.7 Signaling potential analysis

One possible organization for a highly antagonistic microbial community would have a keystone species

that produces a signal to induce antibiotic production in many other community members. The Univer-

sity of Minnesota DSS strain library was assayed for signaling potential using a plate-based phenotypic

assay (52) (Kinkel, unpublished data). Strain 3211–3 was selected for whole genome sequencing because

it is among the best signalers of antibiosis in our library of DSS isolates. The signaling assay requires di-

lution of a signaling molecule through solid agar medium, so signaling through cell-cell contact can be

ruled out as a mechanism. We looked for genomic features that could explain the signaling promiscuity

in 3211–3.

Signaling between Streptomyces can be mediated by several well-known classes of hormone-like sig-

naling molecules (87) including γ-butyrolactones (88), furans (89), γ-butenolides (90), SapB (91)-like RiPPs,

diamino-bis(hydroxymethyl)-butanediol (92), and diketopiperazines (93). Signaling can also be mediated

by sub-inhibitory concentrations of antibiotics (94–96). We first looked for the presence of BGCs encod-

ing hormone-like signaling molecules in 3211–3. There are two γ-butyrolactone BGCs in this genome

and a SapB BGC, but this number is comparable to other sequenced Streptomyces. There is no evidence

that 3211–3 produces an unusually diverse set of hormone-like signaling molecules.

A second possibility is that 3211–3 does not produce many diverse hormone-like signaling molecules,

but the molecule they do produce can be sensed by many species of Streptomyces. There are at least fif-

teen unique γ-butyrolactone signals produced by the genus, and unfortunately it is not possible to pre-
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dict the specific γ-butyrolactone chemical structure from sequence information alone. However, we

reasoned γ-butyrolactone biosynthesis genes and receptors that produce/sense the same compound

will have a higher degree of sequence similarity than those producing/sensing different compounds

(i.e. functionally similar gene clusters would share greater sequence similarity), as this gene cluster does

not closely correlate with other phylogeny (Figure 2.4). We performed a CLUSTER-BLAST analysis

with the γ-butyrolactone biosynthesis protein ScbA and the receptor AfsR against the set of sequenced

Streptomyces genomes. Again, we did not see any evidence that 3211–3 produces a more widely-sensed

hormone-like signaling molecule.

A third possibility is that 3211–3 is a prolific signaler due to production of sub-inhibitory concentra-

tions of antibiotics (SICA). This genome encodes more ‘high-confidence’ BGCs than the two genomes

from strongly antagonistic DSS isolates (Table 2.1). Among 125 complete Streptomyces genomes with

antiSMASH 4.1 (Table A.4), the number of high-confidence BGCs in 3211–3 places it in the top 16% in

terms of BGC content. Since there is no clear genomic signature that allows us to explain the signaling

potential in 3211–3, teasing apart its ability to elicit antibiosis in so many diverse isolates will require

future molecular genetic experiments.

2.4 Discussion

Bacteria within the genus Streptomyces are ubiquitous in terrestrial soils and marine sediments and have

garnered much attention for their ability to produce medicinal natural products. The past decade and

a half of genome sequencing efforts (56,86,97) revealed that the majority of natural products encoded in

the genomes of Streptomyces spp. remain undiscovered and have reinvigorated natural product discovery

via genome mining (64,98). Most genomes deposited in public sequence databases have been sequenced

using Illumina short-read technology. The large size, repetitive nature, and high G + C content of Strep-

tomyces genomes makes them difficult to fully assemble from short reads, and so roughly 90% of the

20



Figure 2.4: Signaling potential analysis of newly sequenced strains. (a) Distribution of homologous gamma‐butyrolactone
biosynthetic gene clusters throughout 496 Streptomyces genomes. Area plots show clusterBLAST scores for 3211–3 (blue),
GS93–23 (green), S3–4 (red). Genome ID’s for hits have been sorted in order of 3211–3. (b) Relationship between genetic
distance and clusterBLAST score. Genetic distances between the three newly sequenced isolates and the genome hits from
the signaling potential MultiGeneBLAST analysis genomes were obtained by multilocus alignment of the atpD, gyrB, recA,
rpoB, and trpB genes.
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available genomes are only available in draft status; typically hundreds of contigs with an average N50 of

thousands of bases. With a combination of PacBio and Illumina sequence data, we were able to assemble

high-quality genome sequences where the > 8 Mb chromosome assembles as a single contig in two strains

and as two contigs in the third.

We initially predicted that the increase of genome quality would correspond to an improved abil-

ity to identify BGCs that would have been broken up between many small contigs in a short-read only

assembly. However, the difference in quality does not appear to effect estimations of natural product

biosynthetic potential. For example, in S. lydicus ISP-5461, 26 of the 26 high-confidence BGCs found in

GS93–23 were also predicted using the short-read only assembly contigs.

One advantage to generating single-contig genomes using long-read data is the ability to map the

chromosomal location of BGCs. In order to help prioritize isolated Streptomyces strains for whole-

genome sequencing, there have been previous attempts to correlate sequence conservation of phyloge-

netic markers with BGC conservation between two or more genomes (86). After sequencing 1000 acti-

nomycete genomes, Metcalf et al. found that a 99% sequence identity between concatenated ribosomal

protein sequences correlates with a 73 and 80% conservation of Type I polyketide synthase (PKS) and

NRPS clusters, respectively (86). Our data supports the rapid diversification of secondary metabolite

gene clusters, and suggests that this is primarily driven by changes in episomal elements, not by changes

to the core genome. This information could make future sequencing campaigns more efficient by limit-

ing sequencing efforts in closely related strains to isolated plasmids.

Bacterial genome organization has been described as mosaic (99–101), referring to the composition of a

vertically-inherited (clonally-expanded) backbone interspersed with laterally-transferred mobile elements.

Mutations accumulate in clonal complexes between bouts of periodic selection (85). The genomic com-

parison of GS93–23 and ISP-5461 suggests that these strains are part of the same clonal complex, despite

being isolated 850 km apart and several decades removed. Our analysis of the SNP accumulation in rela-

tionship to relative location within genes shows a de-enrichment of sequence variation in regions known
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to control translation initiation rates. This points to a microevolution of genomes where there is a selec-

tion to maintain relative expression levels of genes during clonal expansion. We have previously shown

that transfer of multi-gene systems between hosts from the same genus can result in wildly different rel-

ative expression levels (102). These likely result from the accumulation of subtle differences between the

transcription/translation machinery and corresponding cis-acting regulatory elements that co-evolve

during clonal expansion. Taken together, the importance of maintaining relative expression levels dur-

ing microevolution and the changes between seemingly closely related species likely contributes to low

success rates and low titers during heterologous introduction of BGCs to model host strains (103).

We sequenced the three strains presented here in hopes to gain insight towards the mechanisms and

ecology that underlie DSSs. While the sample size is small, there is no indication that the increased an-

tibiosis observed in DSS isolates compared to isolates from non-suppressive soils is due to an increased

number of BGCs. Transcriptomic and chemical characterization of these and other DSS isolates is pend-

ing. With over 500 species of Streptomyces currently recognized (104) and roughly 800 draft Streptomyces

genomes available in public databases at the time of this study, we were initially surprised by the level of

sequence conservation between these strains and previously sequenced genomes. The level of divergence

between GS93–23 and ISP-5461 is only ten times greater than clonally-related lab-cultivated strains of

E. coli separated by only 20 years of evolution (105). There are a few possible explanations for this. First,

species groups are not expected to be equally abundant. It is likely that the genomes already present

in the public databases are those of highly abundant clonal complexes. The similarity between these

genomes and extant sequences reflects the fact that no attempts were made to bias our strain selection

towards rare Streptomyces. A second possibility is that the ecology of DSSs has selected for strains that

are also abundant in sequenced collections. This makes sense in light of the experimental data and eco-

logical models that suggest DSSs community members are selected for their antagonistic phenotypes (34).

Likewise, most Streptomyces strains whose genomes are in public databases were originally isolated and

maintained in collections of drug discovery groups. If this is true, it will suggest that evolution of DSS
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isolates occurs on the level of the genome/strain, not the individual genes, contrary to what has been ob-

served in other environments (106). Strain recruitment is a proposed mechanism of the establishment of

disease suppressive soils (107), in which plants support the maintenance of those microbial strains which

inhibit phytopathogens. 16S sequencing and denaturing gel electrophoresis of the rhizosphere micro-

biome of strawberry plants showed that the Actinobacteria community profile was more similar between

species of strawberry plant, regardless of site, when compared to oil rape rhizosphere communities (108).

It is not unreasonable, then, to assume that under the dispersal-recruitment model, that ancestral bacte-

rial strains that were beneficial to plant growth would be under similar selective pressures if co-evolving

with the same plant species in distant locations.

2.5 Materials andMethods

2.5.1 Preparation of high molecular-weight DNA

The three strains of Streptomyces sequenced for this study were obtained from a culture collection main-

tained by Linda Kinkel at the University of Minnesota. Single colonies are isolated on IWL-4 solid

medium and used to inoculate 4 mL liquid cultures in R2YEmedium. Following three days of growth,

cells are harvested by centrifugation and washed with a 10% sucrose solution. Mycelia are resuspended in

450 μL TSE buffer (15% sucrose, 25 mMTris, 25 mM EDTA, pH 8) with 5 mg/mL lysozyme and incu-

bated at 37 °C for one hour. Cells are lysed by addition of 225 μL of 2% SDS over a 5 min room tempera-

ture incubation. Following a phenol:chloroform extraction (100 μL neutral phenol, 50 μL chloroform),

supernatant is transferred to a tube containing 60 μL 3 M sodium acetate and 700 μL isopropanol to pre-

cipitate gDNA. DNA is pelleted by centrifugation and resuspended in 500 μL TE buffer (10 mMTris,

1 mM EDTA, pH 8). To remove RNA, 10 μL RNase (10 mg/ml) is added to the sample and incubated at

room temperature for at least 15 min. Next, a second phenol:chloroform extraction (300 μL neutral phe-

nol, 150 μL chloroform) is performed followed by a final extraction with 300 μL chloroform to remove
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trace phenol. DNA in the supernatant is precipitated with 50 μL 3 M sodium acetate and 350 μL iso-

propanol and incubated on ice for 30 min. Final gDNA is resuspended in 150 μL TE buffer and quality

is assessed by agarose gel electrophoresis, spectrophotometry, and PicoGreen analysis.

2.5.2 DNA sequencing and assembly

We performed PacBio long-read sequencing using protocols for 20 Kb insert size with BluePippin Size

Selection (Saga Science). For each of the three genomic DNA samples, sequencing was performed using

P4 chemistry on two SMRT cells and using P6 chemistry on an additional SMRT cell fromNovember

2014 to January 2015. In total, subread filtering from the three SMRT cells yielded 1.26 Gb (S3–4), 1.40

Gb (GS93–23), and 1.18 Gb (3211–3) of sequence data with average read lengths of 6703 kb, 6782 kb,

6478 kb, respectively and N50 values of 9095 kb, 8819 kb, and 8680 kb, respectively.

2.5.3 Short-read sequencing and error correction

IlluminaMiSeq sequencing was performed at the UMNGenomics center in March 2015. The three ge-

nomic DNA samples were uniquely barcoded and sequenced alongside genomes from unrelated bacteria

to account for 30% of a MiSeq lane. Nextera library prep was performed using standard protocols at the

University of Minnesota Genomics Center. The 250 nt paired-end reads were mapped to the PacBio-

reference genome sequence using Breseq (53) to generate. BAM files. Single-base differences and small

indels were corrected using Pilon to generate the final error-corrected genome assembly.

2.5.4 Annotation of genomic features

Prokka (61) is a command line software tool that uses Prodigal (109) for coding DNA sequence (CDS)

annotation, RNAmmer (110) for ribosomal RNA annotation, Aragorn (111) for transfer RNA annota-

tion, SignalP (112) for signal leader peptide annotation, and Infernal (113) for non-coding RNA anno-

25



tation. Each genome was annotated with the Prokka software package using default options and the

‘–compliant’ command to force compliance with GenBank.

Assignment of putative functional categories to CDSs was performed using the BASys (62) web server

(https://www.basys.ca/). For each CDS, start position, end position, strand information, and a unique

identifier was provided in tabular format to ensure that Prokka-generated annotations would be used for

clusters of orthologous genes (COG) assignment in place of the default Glimmer algorithm. The follow-

ing options were selected for functional assignment by BASys: Gram positive, Linear contig, Bacterial ge-

netic code. Functional assignments of proteins in Table 2.2 were performed with EggNOG-mapper (63).

The following EggNOG-mapper settings were selected: mapping mode was set to DIAMOND (114), tax-

onomic scope was set to all bacteria, all orthologs were used, and non-electronic gene ontology evidence

terms were selected.

2.5.5 Phylogenetic analysis

Streptomyces genomes were obtained from PATRIC (https://www.patricbrc.org/). Nucleotide sequences

for molecular phylogeny markers atpD, gyrB, recA, rpoB, and trpBwere extracted. Regions for compar-

ison were identified and concatenated head-to-tail in-frame (115,116). Multi-sequence alignment of con-

catenations, and maximum-likelihood tree construction was performed inMEGA7 (117). For the S3–4

subtree phylogeny the recA sequence was not available for WM6372 and a four-gene concatenation was

used.

2.6 Conclusion

In summary, we have added three high-quality whole genome sequences to the growing number of se-

quenced Streptomyces isolates. Each genome is rich with yet-uncharacterized natural product biosyn-

thetic potential. While genome sequence alone was not sufficient to explain the observed phenotypes of
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DSS isolates, it is an important first step to future investigations of gene expression and function.

Supplementary tables and figures can be found in Appendix A.
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Chapter 3

Metatranscriptomic analysis of synthetic communities of

sympatric Streptomyces isolates from disease suppressive soil

The following is a pre-submission version of the article Heinsch, S. C., Song, Z., Kinkel, L. & Smanski,

M. J. (2024). Metatranscriptomic analysis of synthetic communities of sympatric Streptomyces isolates

from disease suppressive soil.

S H, ZS, LK, andMS designed the experiments and performed the analyses. SH andMS wrote the

manuscript.

3.1 Summary

Interspecies interactions in soil microbiomes impact the ecology and function of soil in agricultural and

natural settings. The result of these interactions, however, remains poorly understood at the level of

gene expression. We measured changes in gene expression from ten bacteria isolated from a single sample

of disease suppressive soil (DSS). Isolates were grown in 61 different axenic cultures or co-cultures with

increasing levels of complexity. We discovered reproducible changes in secondary metabolism spanning

across levels of community complexity. These data lay the foundation for a more mechanistic under-

standing of DSS biology and ecology and their eventual engineering for crop protection.
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3.2 Introduction

Healthy soil ecosystems provide crop nourishment, disease suppression, and protection against envi-

ronmental stress in agriculture (118). They remediate environmental pollutants in natural and indus-

trial settings (119) and contribute to global geochemical nutrient cycling and carbon sequestration (120).

These beneficial microbial functions are a direct consequence of the collective primary and secondary

metabolic activities of the soil community.

Disease-suppressive soils (DSSs) have been identified that mitigate pre-harvest crop loss by providing

long-lasting and robust protection against numerous plant pathogens (34). The beneficial effects of DSSs

are provided by their microbiomes, which are enriched in microbial taxa known for natural product

biosynthesis (e.g., Streptomyces spp. and Pseudomonas spp.) (10). Phenotypic studies of Streptomycetes

isolated fromDSS or disease-conducive soil (DCS) points to differences in the frequency of antibiosis

and signaling interactions within these microbiomes (28,45).

DNA sequencing has enhanced our ability to document the composition of soil microbiomes (10,121)

and the putative metabolic functions encoded in the constituent genomes (122,123). Yet, we have little un-

derstanding of the regulation and dynamics of gene expression outside of a few model lab strains (59,124–127).

Streptomycete genomes are among the largest in the bacterial domain and are rich in transcriptional

regulatory genes. Lack of insight into the regulation and responsiveness of their primary and secondary

metabolic activities to community interactions severely limits our ability to understand, predict, and

manage functional capacities of soil microbiomes.

Here we focus on identifying the specific roles of species-species interactions in mediating the tran-

scriptional activities of synthetic microbial communities comprising Streptomyces strains. We use RNAseq

expression analysis to observe changes in gene expression during co-culture of 2, 4, 8, or 10 strains in an

experimental set-up that allows for ecological interactions via nutrient competition and extracellular

signaling. We call this type of study ‘synthetic metatranscriptomics’ to denote that the communities
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under observation are pre-defined and substantially less complex than natural soil communities. Our

synthetic communities are composed of strains isolated from the same sample of DSS, so their signaling

interactions are likely to have co-evolved (34). We find evidence of conserved signaling responses that are

robust to community complexity, that secondary metabolism is more likely to be repressed than induced

in communities, and that iron modulation may be a mechanism of interaction between some of the

isolates.

3.3 Results

3.3.1 Design of synthetic communities

The ten isolates were all obtained from a single soil core from a control plot at the Cedar Creek Ecosys-

tem Science Reserve, in East Bethel, Minnesota. Strain designations are a five digit code representing

sampling location data (See Figure 3.1 for designations and isolation diagram). The first digit represents

the plot number, the second digit identifies the sub-grid within the plot, the third digit represents the

soil sample ID, and fourth digit indicate the depth at which the sample was isolated, and the fifth digit is

a unique identifier for each strain isolated from that same depth. Isolates were screened phenotypically

using antibiosis assays (46), signaling-inhibition assays (28), and nutrient utilization (Biolog) assays (46).

Whole genome sequences were obtained using PacBio long read sequencing or a combination of PacBio

and Illumina short read sequencing (Supplementary Figure B.1-B.12). The 10 isolates comprise mem-

bers of 3 clades (Supplementary Figure B.1) and include two sets of closely related ”twins” (Supple-

mentary Figure B.2). Out of a total combinatorial space of 1023 possible communities that could be

grown as axenic or co-culture from these ten isolates, we selected 61 that spanned different levels of com-

plexity (Figure 3.1b, Supplementary Figure B.13). These included 10 axenic (single strain) cultures, 23

two-member co-cultures, 18 four-member co-cultures, 4 eight-member co-cultures, and a ten-member

co-culture. RNA isolated from axenic cultures was barcoded and sequenced individually as well as in
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Figure 3.1: Summary of experimental design for synthetic metatranscriptomics. (a) Schematic illustration of strain isolation,
inhibition and nutrient usage phenotyping, plate‐based co‐culture, and RNAseq analysis. (b) Normalized mapped RNAseq
reads (normalization described in main text) for each ‘synthetic community’. Community composition for each column of
data is noted across the top axis. For two pairs of highly similar ‘twin’ genomes in this study, the major and minor twin (which
affects read mapping priorities) is noted on the left axis. Prioritized mapping (see main text) is only applied to communities for
which both the major and minor twin are present.
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pooled controls. The latter were mixtures of RNA isolated from two different axenic cultures that were

combined in equal masses prior to sequencing, allowing us to account for artifacts of sequencing or read-

mapping in multi-strain communities. We selected two focal strains, Streptomyces sp. 3211.3 and 3212.2,

to be overrepresented in the synthetic communities analyzed for this study. Lastly, higher complexity

communities are compositions of lower complexity communities (Supplementary Figure B.13). This

hierarchical design allows us to track the persistence of low-order signaling interactions as community

complexity increases. All communities were grown on solid ISP2 agar medium using a spotting tech-

nique to maximize neighbor interactions (see Methods, B.14).

3.3.2 Synthetic community metatranscriptomics

RNA sequencing was performed for the 61 communities by the Joint Genome Institute on an Illumina

HiSeq-2500 platform (see Methods) with approximately 1 gigabase of RNAseq data per genome in each

community (2 gb per genome for axenic cultures) (Supplementary Figure B.15). We analyzed biological

replicates of all axenic cultures to determine a gene-by-gene variance that was used in calculating p-values

for differential gene expression across more complex communities. Final RNAseq results, including

quality control metrics for library prep, total reads generated per sample, and read quality, is presented

for each community in Supplementary Table B.11. Details on read-mapping are reported in the Meth-

ods section.

Normalized read-depth across each community is shown in Figure 3.1b (DESeq2 normalized) and

Supplementary Figure B.16 (TPM normalized). We observe differences between the average global tran-

scription perturbation between the two- and four-member communities and the eight- and ten-member

communities (Supplementary Figure B.17; Kruskal-Wallis test, p-value = 2.589e-12). While some genes

appear to have a reproducibly consistent expression level at each level of complexity, we consider the pre-

dominant effect on the eight- and ten-member communities to be an artifact of poor read depth for the

high complexity communities compared to less complex communities (despite the fact that they were
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allocated a proportionally greater number of reads during Illumina sequencing). The source of the poor

read depth appears to be due to the presence of a high quantity of ribosomal RNA in the higher order

communities (see Supplementary Figure B.18 and Supplementary Table B.11). Because of this, most

analyses in this paper are focused on the 56 axenic, two-, and four-member communities.

Replicate axenic cultures were processed independently or as pooled sample to determine if read-

mapping in mixed communities was a source of bias (Supplementary Note B.10). We observed that

RNAseq results were comparable for axenic cultures processed independently and those from the same

strain pooled and sequenced with RNA from other axenic cultures. Therefore, readmapping from

mixed communities is not likely a major source of bias. Instead, the R-squared values from Supplemen-

tary Figure B.19 more likely represent the stochasticity of gene expression for each strain, which is a

well-known characteristic of Streptomyces spp. In fact, the stochasticity appears to be a result of repro-

ducibly high variance genes (Supplementary Figure B.20). In this regard, it is interesting and noteworthy

that this stochasticity is not uniform from strain to strain.
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Figure 3.2 (following page): Transcriptional changes in a focal strain across community complexity. (a) Change in gene expres‐
sion for genes displaying at least a 2‐fold change in at least one community, organized by hierarchical clustering along the
vertical axis and by community complexity along the horizontal axis (two‐member communities at left to ten‐member commu‐
nities at right). All filtering by expression strength, and hierarchical clustering used only two‐ and four‐member communities.
Fold change values for eight‐ and ten‐member communities were included for plotting purposes, but have been ordered by
the hierarchical clustering result for the lower‐complexity communities. (b) Comparison of Sum of Square Residuals (SSR) for
3212.2 expression in all communities, maroon and gold bars highlight comparisons from (d), blue bars highlight communities
that include 3212.4 and/or 3212.5. Inset boxplot comparing those communities against all other 3212.2 communities; * P
value < 0.05 by two‐tailed independent t‐test. (c) Top 20 COG pathways represented in 3212.2 DEGs. Blue bars indicate the
proportion of DEGs within a given COG pathway that were found to be significantly differentially expressed in co‐culture
with 3212.4 and/or 3212.5. (d) Plots of the gene‐by‐gene expression in axenic (x‐axis) versus pairwise (y‐axis) communi‐
ties for the co‐culture of 3212.2 with 3211.1 (left, magenta) or 3211.6 (right, yellow). (e) Inhibitory interaction influence on
gene expression when grown with a partner inhibited by the focal isolate (left), or with a partner that inhibits the focal iso‐
late (right). Note, in this subpanel Focal isolate refers to the isolate’s DEGs that are being counted. The data in this analysis
include all of the eight non‐minor twin strains. ** P value < 0.01 by two‐tailed t‐test.
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Figure 3.2: (continued)
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3.3.3 Focal isolates

We focused the synthetic communities around two isolates, 3211.3 and 3212.2. These isolates were cho-

sen because of their unique inhibitory and nutrient use profiles. 3211.3 is an exquisite inhibitor of other

sympatric isolates (28). In agar overlay assays 3211.3 inhibited all sympatric isolates described in this study

except for its near-isogenic strain 3211.5. In the same experiments 3212.2 only inhibited 3211.6. Nu-

trient usage studies were performed previously (46). In these studies, each isolate is tested for growth on

95 different carbon and nitrogen sources, resulting in a niche-width (number of nutrients metabolized

by a strain). 3211.3 had a relatively narrow niche-width (nutrients = 29), while 3212.2 had a relatively

wide niche-width (nutrients = 64). The intensity of inhibition between a pair of isolates was positively

correlated with their niche-overlap, or the degree to which they can metabolize the same nutrients.

For each focal isolate we investigated changes in gene expression at both the gene- and genome- level.

To explore gene-level changes in expression we performed a differential gene expression analysis using

DESeq2 (128). Gene expression for each community was compared to axenic and axenic-mixed controls.

Hierarchical clustering of relative expression values revealed several interesting expression patterns across

communities (Figure 3.2,A). In general, the relative expression data is dominated by repression. Com-

munity BCYPH (3212.2, 3211.6) showed a high percentage of DEGs compared to the other 3212.2

communities. It is worth noting that 3211.6 is the only isolate inhibited by 3212.2. We have no evidence

that this is driven by non-biological variables (e.g. sequencing artifact), but we also cannot show that

this is a reproducible effect. While there are no true 3212.2-3211.6 experimental replicates, in no other

communities featuring both 3212.2 and 3211.6 do we see this striking change.

We quantified the genome-level change in transcription. We defined the genome-level change in tran-

scription as the sum of squared residuals (SSR) for the expression level of all genes in a genome when

grown in co-culture versus axenic culture; normalized by the number of genes in the genome (Figure

3.2 B, C). Neither the pairwise community SSR for the focal isolates, nor the SSR for all accompany-
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ing strains in pairwise communities with the focal isolates were significantly different (Supplementary

Figure B.21). For focal isolate 3212.2 we found that its SSR was significantly higher in communities in-

cluding 3212.4 and/or 3212.5 (Figure 3.2 B, inset). 3212.2 genes that were significantly differentially

expressed in co-culture with 3212.4 and or 3212.5 were identified by statistical analysis (two-tailed t-test,

FDR < 0.1) and subjected to COG pathway analysis through JGI IMG/ER (Figure 3.2, D). We find that

co-culture with 3212.4 and/or 3212.5 appears to perturb regulation of several primary metabolic path-

ways including ATP synthesis, purine biosynthesis, heme biosynthesis, glycolysis, and biosynthesis of

several amino acids.

3.3.4 Changes in gene expression are influenced by inhibition

We hypothesized that the previously described positive correlation between pairwise niche-overlap and

intensity of antibiotic inhibition (28,46) would be mirrored in the expression data. We also investigated

the possibility that the increased interactions between symaptric isolates may be evident at an even

smaller scale, by correlating isolation depth and differentially expressed genes. We found no significant

correlation between the number of an isolate’s differentially expressed genes (DEGs) in a pairwise com-

munity and the pairwise niche-overlap, or isolation depth distance (Supplementary Figure B.22, A-C).

We did, however, find that there is a significant difference between the number of an isolate’s DEGs in a

pairwise community, and whether or not the isolate is inhibited by its partner (Figure 3.2, E).
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Figure 3.3 (following page): Impact of community interactions on expression of known‐compound BGCs. (a) Chemical struc‐
ture of compounds encoded in genomes of synthetic community members with 100% conservation of gene content to
previously‐characterized BGCs. (b, top) DESeq2‐normalized median expression of biosynthetic genes in axenic (single strain)
cultures from BGCs corresponding to compounds in (a). Bars are color coded by strain, and ‘minor twin’ strains are excluded.
Bars show the mean of two independent replicates and error bars are SEM. (b, bottom) Colored lines below the bar graphs
connect each compound/strain to the two‐member communities in which it is found. Lines are colored to indicate the log10
fold‐change in gene expression from axenic to two‐member communities. Two‐member communities are labeled with 5‐
letter IDs and colored according to community composition using the same color‐legend as the bar graph above.
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Figure 3.3: (continued)
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3.3.5 Impact of community interactions on secondary metabolism

BGCs were annotated for the ten genomes using antiSMASH v5.0 (129), and manually curated to in-

dicate which clusters have been previously described (Supplementary Tables B.1-B.10). We were con-

servative in our identification of these ‘known BGCs’, requiring 100% conservation of biosynthetic

genes compared to the characterized paralogs. One minor exception is for RIPPs, including lactazole and

SapB, where we considered BGCs to be known even if they had a slightly different primary amino acid

sequence for the core peptide that would result in minor structural differences. Out of a total of 458

BGCs annotated by antiSMASH in the ten strains, 109 are considered ‘known’. These correspond to

31 natural products shown in Figure 3.3a. We quantified the expression of known BGCs in each axenic

and mixed culture (Figure 3.3b). Transcription levels in axenic cultures span a range of two orders of

magnitude, but we do not know how this corresponds to production titer. Viewing the fold change in

expression between axenic and two-member mixed cultures reveals several interesting patterns (Figure

3.3b). For example, the nonribosomal peptide JBIR-126 (also known as tambromycin, compound 13)

is strongly repressed in each of five two-member mixed communities. On the contrary, the antibiotic

streptothricin (compound 17) is strongly induced in each of four two-member mixed communities.

To provide a high-level view of how community composition affects expression of all predicted

BGCs, we examined the fold change in specialized metabolite biosynthetic genes in each community.

For each predicted BGC, fold change in expression of the genes annotated as ‘core biosynthetic’ or ‘ad-

ditional biosynthetic’ (violet in Figure 3.4A) was compared to the axenic controls (Figure 3.4A,B). To

simplify the analysis (Figure 3.4B), points representing each BGC in each community report the arith-

metic mean expression and arithmetic mean adjusted p-value for all ’core’ and ’additional’ biosynthetic

genes, and are colored corresponding to the strain containing each BGC. In this plot, each BGC is rep-

resented multiple times, once for each pairwise or higher-level community in which it is present. We

observe several interesting trends. First, BGCs are more likely to be repressed than activated by commu-
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nity interactions. There are 53 instances where BGCs are upregulated, while 131 instances where BGCs

are downregulated (chi-squared, p<0.001). The 184 instances of significant differential regulation rep-

resent 73 unique BGCs across 8 strains. Since BGCs tend to be located in the chromosomal arms, this

data agrees with, but is not sufficient to fully explain, an observation that genes in chromosome arms

are more likely to be repressed than genes in the core genome (130,131) (Figure 3.4C). We find that there

are significantly more expression events in the arms compared to the core genome. Of these expression

events, repression is the dominant regulatory mode. In particular, it is repression events in the arms of

the chromosome that dominate all other expression events.

To better understand how BGC expression varied within each genome, we generated a hierarchically

clustered heatmap of the expression level of each BGC in each community (Supplementary Figures B.23-

B.32). In these heatmaps, BGCs are sorted based on their average expression with the most expressed

BGCs on top and the least expressed on the bottom. The variance in BGC expression across communi-

ties is plotted at right. There are a few noteworthy observations from these analyses. First, there is an ob-

vious bias towards high variance in the lowly expressed gene clusters. This results from these genes being

close to the limit of detection in our RNAseq experiment, and likely explains some of the preponder-

ance of repressed BGCs in the fold-change analysis of Figure 3.4. The higher variance for lowly expressed

genes is seen across community complexities, and so is not an artifact of difficult read mapping in the

most complex communities. There are several interesting strain-to-strain differences that are observed

in these figures. First, strains differ markedly in their robustness to changing community interactions.

For example, 3211.6 contains 52 annotated BGCs, and only two of these have a variance of expression

greater than 0.25 (Figure B.26). In contrast, 3211.1 has a similar number of BGCs, yet 20 of 54 have a

variance of expression greater than 0.25 (Figure B.23).
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Figure 3.4: Changes in secondary metabolic gene expression. Unique activation of an unknown Type II PKS BGC in 3214.6
(A). Differential gene expression (log2FC) of biosynthetic (purple) and non‐biosynthetic (grey) coding sequences found within
the BGC. Differential gene expression of all predicted BGCs in the study (B). Each data point represents the average log2FC
and average ‐log(adjusted pvalue) of a BGC’s biosynthetic genes in a single community. Vertical dashed lines indicate sub‐
stantial change in expression (abs(log2FC) > 2). Horizontal dashed line indicates the cutoff for significance (‐log(adjusted
pvalue) = 1.3). Inset shows the same BGC‐level differential expression metrics from two‐ (circle) and four‐member (square)
communities, for the unknown Type II PKS BGC from 3214.6 (purple) and the streptothricin cluster from 3211.6 (orange).
Regulatory mode density (C). Plots show the density (proportion of expression events that are either activation (log2FC > 1,
red) or repression (log2FC < ‐1, blue). Red markers indicate beginning of chromosome or plasmid. Shaded black region on
chromosome, and black hashbox region of density plots show the predicted position of the core genome. Regulatory mode
dominance in different regions of the chromosome (D). The proportion of potential expression events (number of genes
within a region * the number of communities in which the isolate appears) that are realized by either activation or repression
within the chromosomal core (blue) or arms (grey); *** two‐sided P value < 0.001 using an independent t‐test.
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3.3.6 Community-level gene-expression patterns impact primary metabolism

Leveraging the hierarchical structure of the community strain-composition, we explored persistent gene-

expression patterns at the two-, and four-member levels of community complexity. We identified gene

expression events that seemed to be associated with the presence or absence of a strain for all strains in

the dataset. In this analysis we only consider the gene expression events in the eight non-twin strains

(responders). We do, however, include the minor twins, 3211.5 and 3212.5, as possible signalers of per-

sistent gene expression events. Note that persistent patterns in major twins in response to minor twins

was excluded from this analysis. We find that in several cases the signaler that leads to the highest num-

ber of persistent expression events in the responder is 3212.4 or 3212.5 (Figure 3.5, a). We reasoned that

because 3212.4 and 3212.5 tend to be associated with the largest response in other strains, and if that re-

sponse is triggered by the same mechanism, then we may see commonalities within the persistent expres-

sion event genes between responders. To simplify our analysis we focused on primary metabolic genes

within the two focal isolates 3211.3 and 3212.2. We submitted the list of 3212.4/3212.5 ‘signaled’ persis-

tent DEGs to JGI IMG/ER for KEGG category functional analysis (Supplementary Tables B.12, B.13).

We find that for both 3211.3 and 3212.2, several genes related to carbohydrate, energy, and cofactor

metabolism were differentially regulated. Amino acid metabolism, signal transduction, translation, and

xenobiotic degradation functions were uniquely differentially expressed in 3211.3. Lipid metabolism

and membrane transport showed noticeably higher DEG count relative to 3211.3. In both 3211.3 and

3212.2, the highest number of DEGs were unclassified (Figure 3.5, b).

43



Figure 3.5 (following page): Persistent expression events. Persistent expression differentially expressed genes (DEGs) in Re‐
sponder when co‐cultured with Signaler (A). Bar height (right) represents the number of unique DEGs that are persistently
upregulated or downregulated when the signaler strain is present. Bar height (left) indicates the number of unique differential
expression events that are associated with the signaler. Width of the connecting curves represents the number of unique
expression events associated with the corresponding signaler‐responder pair. Connecting curve color indicates signaler iso‐
late. Differentially expressed primary metabolic genes in 3211.3 and 3212.2 (B). (C) Data points show the change in gene
expression in primary metabolic genes when 3211.3 (left), and 3212.2 (right) are grown in pairwise co‐culture with 3212.4
(horizontal axis) and 3212.5 (vertical axis). Data point color corresponds to predicted KEGG category (bottom) for each gene.
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Figure 3.5: (continued)
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We investigated the expression levels of the primary metabolic genes (Figure 3.5, c) to see if any path-

ways were commonly regulated between the strains. We found several genes related to nitrogen regula-

tion and amino acid metabolism were downregulated in both strains. In 3211.3 both beta and gamma

subunits of the urease enzyme were downregulated. Similarly, a five gene operon encoding urea trans-

port proteins; as well as nitrite reductase large and small subunits (Ga0334680_112673, 112674) were

downregulated in 3212.2.

Carbohydrate metabolism also appeared to be impacted by the co-cultures. In 3211.3, acetyl-CoA

synthetase (Ga0334680_11996), pyruvate dehydrogenase E1 component alpha subunit (Ga0334680_

11997), and succinate dehydrogenase subunit B (Ga0334680_116596); as well as paaA (Ga0334680

_114027) and paaC (Ga0334680_114025) from the phenylacetate degradation operon were downreg-

ulated, while gluconolactonase (Ga0334680_113772) and cellulose synthase (Ga0334680_11386) were

upregulated. In 3212.2, we found that three genes (pyruvate phosphate dikinase (Ga0181101_1146)

2767713238, menaquinone-dependent protoporphyrinogen oxidase (Ga0181101_1152) 2767713244,

glyceraldehyde 3-phosphate dehydrogenase (Ga0181101_1158) 2767713250) which appear to belong to

a cluster of operons were all downregulated, while catalase (Ga0181101_4031) was upregulated.

Fatty acid biosynthesis featured several downregulated genes in both strains (3211.3: plsC (Ga033468

0_111778); 3212.2: fabF (Ga0181101_7146), fabH (Ga0181101_7148), and S-malonyltransferase (Ga0

181101_7149).

3.4 Discussion

The inhibition and niche-width profiles of the two focal isolates align with the proposed co-evolutionary

framework for DSS establishment (34). 3212.2 and 3211.3 were both isolated from the same small re-

gion of soil from a wheat mono-culture plot. This suggests that the nutrient pool available to isolates

was low-diversity, relative to a polyculture plot. The focal isolates exemplify two different ecological
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strategies in a nutrient-diversity limited environment. While 3211.3 lacks the ability to metabolize a

large number of nutrients, it is capable of inhibiting all other strains in this study. 3212.2, on the other

hand, inhibits only one strain (3211.6), but is capable of metabolizing the largest number of nutrients.

We found that primary metabolism within the focal strains was impacted, especially so, when grown

in pairwise co-culture with either 3212.4 or 3212.5. The genes impacted seem to suggest that both ni-

trogen and carbohydrate metabolism is being perturbed by the presence of the partner isolates. Tala et

al. (132) recently described a regulon in Streptomyces ambofaciensATCC 23877 that is composed of many

of the same genes and pathways. The authors inactivated pirA, a non-heme iron-binding protein, and

combined transcriptomics, proteomics, and metabolite profiling to determine which pathways were af-

fected. They suggest that PirA modulates fatty acid beta-oxidation in response to detection of reactive

oxygen species. By limiting entry into the citric acid cycle, and upregulating catalase genes, the authors

suggest that the regulon protects against DNA damage. We identified pirin-like genes in 3211.3 and

3212.2 (Supplementary Table B.14), and performed hierarchical clustering, combining expression values

from these potential regulators of primary metabolism. We find that some, but not all, of the identi-

fied primary metabolic genes may be under direct regulation by PirA in 3212.2. Strain 3212.2 showed

a subset of genes clustering around pirin-like gene (Ga0181101_5334) (Supplementary Figures B.34),

while there was no clear clustering of genes around the pirin-like genes from 3211.3 (Supplementary

Figure B.35). Since pirins are iron binding, and we hypothesized that a lack of iron may be leading to

the changes in gene expression. Mey et al. (133) showed that a pirin-like protein was negatively regulated

by Fur, a metal-dependent DNA-binding protein, inVibrio. Recently, Secgin et al. (134) described a Fur

protein present in Streptomyces clavuligerus, that is involved in iron homeostasis. We analyzed the associ-

ation between fur homologues and the primary metabolic genes using the same workflow used with the

pirin-like homologues. We identifed eight fur homologues in 3211.3 and 3212.2 (Supplementary Figure

B.15). In this case, hierarchical clustering (Supplementary Figures B.36, B.37) suggests that only one of

the homologues (3211.3: Ga0334680_115082) appears to cluster with the primary metabolic DEGs in a
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3212.4/3212.5 dependent manner. Perhaps unsurprisingly, the literature features many publications in-

vestigating the link between iron availability and changes in Streptomyces secondary metabolism (135–139),

community dynamics (137,140), and pathogen inhibition (141,142). Both 3212.4 and 3212.5 genomes en-

code siderophore BGCs (4 and 3, respectively). Of particular interest is candidate cluster 40 (Supplemen-

tary Figure B.7), which shows high and differential expression in several communities (Supplementary

Figure B.29).Further studies are needed to confirm that these changes in primary metabolic gene expres-

sion are indeed modulated by iron, and if so, the elements within 3212.4 and 3212.5 that are responsible.

The results of this study shed new light on what has been shown about Streptomyces genome orga-

nization and how it correlates with gene expression. The Streptomyces chromosome has a conserved

core encompassing a bidirectional origin of replication, featuring genes that are required for vegetative

growth. The chromosomal arms are composed of auxillary genes, many of which are found within

BGCs, thought to be conditionally adaptive in response to changing stressors imposed upon the cell.

In lab conditions, gene expression tends to be concentrated more on the core during vegetative growth,

with expression levels decreasing for many core genes after transitioning to stationary phase. The genes

of the chromosomal arms tend to be lowly expressed throughout development. Indeed, a great deal of

work has been invested in activation of silent BGCs (98). One technique that has been useful in activating

cryptic BGCs is co-culture (143). However, in our study, we show that the chromosomal arms, inlcuding

BGCs, tend to be repressed with respect to axenic culture. One possible explanation for this observation

is that these sympatric isolates have evolved BGC repression as a mode of community establishment.

Our final experimental design was largely guided by overcoming technical hurdles. We initially sought

to perform all co-cultures in liquid media by inoculating equal numbers of each synthetic community

member. However, dilution plating after five days and scoring community composition by colony

morphology revealed that a single community member often dominated the liquid cultures (data not

shown). Similarly, performing co-culture on agar plates in lawns grown from an equally mixed inoc-

ula resulted in a single species dominating. Both observations could be a combined effect of different
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growth rates and direct antagonism by antibiotic production. Regardless, these co-culture methods

would have substantially impaired our ability to get sufficient RNAseq read depth for the outcompeted

strains. We circumvented this problem by developing the plate-based community assay described above

wherein axenic colonies are physically separated from other strains on the agar medium. This limited the

disparity in species growth during the five day incubations and we routinely saw 1 cm diameter colonies

for each strain. Our ability to map similar numbers of RNAseq reads back to each genome supports

the notion that each strain in a given community was represented by approximately the same number

of cells at the time of RNA isolation. A major shortcoming of this approach is that we generated spa-

tial differences within colonies, but because of the en masseRNA extraction method, we are unable

to resolve spatial differences in gene expression. For example, in Supplementary Figure B.14, there are

several colonies that appear to have a directionally dependent sporulation phenotype, that may be influ-

enced by the community member to which the differential sporulation phenotype ’points’. By isolating

RNA en masse from a plate, we are in essence mixing gene expression events from several distinct chem-

ical/biological environments and reporting the average response for a plate. Future work that uses more

precise sectioning of plates prior to RNA extraction could provide better insight to specific interactions

in these communities. Another drawback of our co-culture method is that we lack the ability to observe

community interactions that result from direct cell-cell contact.

While the breadth of data collected for this study captured many combinations of isolates, it falls

short in terms of the replicate data collected. According to standard practices for differential expression

analyses (144), a minimum of three replicates should be available for each condition. In our case, we have

duplicate data for the axenic controls, and only singleton data for the experimental groups. While the

lack of replicates limits the types of questions that can be asked, the intention of this pilot study was

to identify communities and gene-expression patterns that would be investigated more thoroughly in

future projects. We also note that the necessity of using a modified mapping strategy due to the high ge-

netic identity between the twin pairs is not ideal. Given the low-cost of DNA sequencing, any studies
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featuring a small number of strains, should begin with whole genome sequencing of all isolates that will

be included. In cases where a high identity pair is required, we advise simulating the transcriptome, at-

tempting mixed community mapping, and modeling which genes are impacted by the high-identity. In

our case, we found that the genes most effected are highly conserved genes including tRNAs, ribosomal

proteins, and transposases.

3.5 Methods

3.5.1 Strain isolation

The strains presented in this study were all isolated from a pathogen-suppressive plot in the Cedar Creek

Ecosystem Science Reserve (CCESR), East Bethel, MN. To target sympatric isolates, a soil corer (10 cm

x 1 cm) was used to extract a single core of soil. From that core, 1 g of soil from 11 cm, 12 cm, 13 cm,

and 14 cm depth were isolated. Soil samples were maintained at 12 °C until processing. To process the

soil samples, each sample was dried overnight between two layers of sterile cheesecloth. After drying,

samples were suspended in 10 mL phosphate buffered saline (0.5 M K2HPO4) and shaken for 1 hour on

a reciprocal shaker at 4 °C. Suspensions were dilution plated on ISP3 and incubated at 28 °C for 7 days.

9-10 colonies displaying morphology characteristic of Streptomyceswere randomly selected. Spore stocks

for each isolate were prepared in 20% glycerol and maintained at -80 °C.

3.5.2 Strain growth and general microbiological methods

For DNA extraction, isolates were grown at 28°C in a shaking incubator in 3 mL R2YE (per liter: 103

g sucrose, 0.25 g K2SO4, 10.12 gMgCl2·6H2O, 10 g glucose, 0.1 g casamino acids, 5.0 g yeast extract,

5.73 g N-[Tris(hydroxymethyl)methyl]-2-aminoethanesulfonic acid, 5 mL 1MNaOH, 10 mL 0.5%

KH2PO4, 20 mL CaCl2, 15 mL 20% proline, 2 mL trace element solution (per liter: 40 mg ZnCl2,

200 mg FeCl3·6H2O, 10 mg CuCl2·2H2O, 10 mgMnCl2·4H2O, 10 mg Na2B4O7·10H2O, 10 mg
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(NH4)6Mo7O24·4H2O). For RNA extraction and metabolite extraction isolates were grown at 28°C for

3 days on ISP2 agar (4.0 g yeast extract, 10.0 g malt extract, 4.0 g dextrose, 20.0 g agar). IPS2 agar plates

were allowed to dry at room temperature for 24 hours before plating.

3.5.3 Genome sequencing and annotation

Genomic DNAwas extracted from 100 µL of packed cell pellet using the phenol-chloroformmethod (145).

Samples were submitted to the JGI for sequencing as part of the 1K Actinomyces sequencing project.

Due to low-yields of high molecular weight genomic DNA from 3211.3 and 3211.5, these isolates were

sequenced using an experimental pipeline for low input samples on the PacBio Sequel platform. The

assemblies from this pipeline were highly discontinuous (13 and 15 contigs for 3211.3 and 3211.5 re-

spectively). Because of this we used a 3-contig 3211.3 assembly produced using a hybrid PacBio-Illumina

approach, previously published by our lab (122). The other eight isolates were sequenced with the PacBio

RSII platform. Genomes were assembled and annotated using the JGI IMGAnnotation Pipeline (v.4.15.2).

A more complete description of genome sequencing and analysis will be published elsewhere. BGCs

were predicted for each genome using antiSMASH 5 (129).

3.5.4 Multilocus phylogeny

Sequences for the house keeping genes atpD, gyrB, recA, rpoB, trpB, as well as the 16S SSU rRNAwere

extracted from each genome. Partial nucleotide sequences for each locus were concatenated in-frame (116).

These concatenations as well as those from the Streptomyces PUBMLST database (146) were used in a mul-

tisequence alignment using MUSCLE v3.8.31 (147). The resulting alignment was used to build a phylo-

genetic tree using FastTree 2 (148) version 2.1.8 SSE3 using generalized time-reversible models and CAT

approximation, which was drawn using Archaeopteryx version 0.9928 http://www.phylosoft.org/

archaeopteryx/.
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3.5.5 Culture and RNA preparation

Spore suspensions (107 spores/mL) were plated in 1 uL spots, 1 cm apart. Plating designs for 4-, 8-, and

10-member communities that minimized the variance in distance between all possible strain pairs in the

community were selected from 10,000 iterations of random designs. Spore suspensions were plated in a

6 x 6 grid arrangement on a 10 cm circular petri dish. Total number of spots were standardized so that

the number of times all strains would appear in a community was equal (e.g. 8-member community, 4

spots per member, 32 spots total). In cases where spot total was less than 36, outer corner spots were

omitted. Spore suspensions were spotted such that the resulting colonies did not come into physical con-

tact, ensuring that changes in gene expression due to co-culture were more likely responses to changes

in diffusible molecules. After a 72 hour incubation at 28 °C biomass was scraped en masse from plates

using a sterile plastic spatula, immediately transferred to RNALater (Thermo Fisher), and stored at 4

°C until RNA extraction, for no longer than 1 week. RNAwas extracted using the MoBio PowerMicro-

biome kit. Mechanical disruption of the samples was modified slightly from the protocol. A 0.25 inch

diameter ceramic ball (MP Biomedical), 500 µL phenol-chloroform (1:1), and 26 µL β-mercaptoethanol

were added to the bead disruption tube. The tube was heated to 58°C. Bacterial samples were removed

from RNAlater,allowed to drain on three layers of KimWipes, and immeidately transferred to the pre-

heated mechanical disruption tube. Cells were homogenized by bead beating. For artificial mix controls

equimolar concentrations of RNA from two distinct axenic cultures were combined. Artificial-mix

strain combinations were selected by maximizing 16S divergence. 61 RNA samples were submitted to

JGI for library preparation and sequencing.

3.5.6 RNA sequencing

Paired-end sequencing was performed with the Illumina HiSeq-2500 system. Communities were as-

signed to lanes such that read bias would be reduced (Supplementary Figure B.15). Controls included all
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axenic cultures, as well as a pairwise mixture of RNA isolates from axenic cultures. Pairs of isolates were

chosen for each artificial mix to minimize 16S sequence similarity. Lanes were assigned such that each

isolate would achieve an estimated 100X coverage of its transcriptome in each condition. Communities

with higher complexity therefore received a proportionally greater allocation of sequencing resources.

3.5.7 Transcriptomic analysis

Reads were trimmed and Illumina adapters removed using Trimmomatic (149). Trimmed reads were

aligned to references containing predicted coding sequences (CDS) using BBmap (150). In cases where

none of the high genomic similarity isolates (twins) were present reads were mapped to a concatenation

of CDS from all ten genomes. In cases where a twin was present, we arbitrarily defined one as the least

important twin, and two reference sequences were used in the mapping: (1) a concatenation of all CDS

except from the least important twins, and (2) a concatenation of all CDS from the important twin and

least important twin. For example, community BCUTC contains strains 3211.3, 3211.5, 3212.4, and

3212.5. In this example the first reference (2a) was a concatenation of all CDS from the six isolates with

little genomic similarity (< 88% average nucleotide identity) plus CDS from 3211.3 and 3212.4; while

the second reference (2b) was a concatenation of 3211.3, 3211.5, 3212.4, and 3212.5. The counts from

the custom references are then compiled by removing all counts from reference 2b except for those from

the least important twin, and then assigning the counts to the least important twin in the counts for

reference 2a.

Two pairs of strains (3211.3-3211.5, and 3212.4-3212.5, referred to below as ‘twins’) described in

this study have high-similarity genomes (Supplementary Figure B.2) despite their unique behavior in

phenotypic assays. To minimize the effect of ambiguously mapped reads on the analysis, we employed

three mapping strategies based on the genomic identity of a community’s constituents. The first strategy

is straightforward and was used for communities lacking any of the four twin strains. Paired-end reads

from the RNAseq analysis were mapped to a single reference sequence created by concatenating all ten
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genomes using the BBmap algorithm with the following mapping parameters:(ambig=toss, strictmaxin-

del=4, minid=0.9). The second strategy was used for communities that contain only one stain from a

twin-pair. Reads were mapped (using the same parameters) to a ‘drop-out’ concatenated reference file

in which the genome from the absent twin was not included. This minimized the number of ambigu-

ously mapping reads from the present twin. The third, and most complex, mapping strategy was needed

for communities containing both strains from a twin-pair. Strains 3211.3 and 3212.4 are denoted ‘ma-

jor twins’ and strains 3211.5 and 3212.5 are denoted ‘minor twins’ in the sentences that follow (Figure

3.1). This mapping strategy comprises two separate steps. First, RNAseq reads from the community

were mapped to a ‘drop-out’ concatenated reference sequence lacking the genome of the minor twins.

This mapping provided the mapped reads for all but the minor twin genomes. Separately, the RNAseq

reads from the community were mapped with higher stringency to a short two-genome concatenation

of just the major and minor twin genomes. Sequencing reads mapping unambiguously to the minor

twin genome were obtained from this step. Finally, reads mapped to each genome were normalized as

per-genome TPM. Figure 3.1 shows the normalized mapped reads for each genome across 61 1-, 2-, 4-,

8-, or 10-membered communities.

3.5.8 Differential gene expression

Raw counts were processed by DESeq2. For each genome, the normalized counts from each experimen-

tal community were compared with the axenic control and the artificial mix control for that genome.

Fold change in gene expression was calculated, and associated p-values were determined to assess the

statistical significance of the observed changes. To control for the false discovery rate (FDR) due to

multiple hypothesis testing, p-values were adjusted using the Benjamini-Hochberg procedure (151) (BH-

procedure). An FDR threshold of 0.1 was set for determining statistically significant differentially ex-

pressed genes.
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3.5.9 Hierarchical clustering of gene expression data

Hierarchical clustering was conducted using the clustermap function from the Seaborn library in Python.

Default settings were used (distance metric: Euclidean, linkage method: average).

3.5.10 BGC expression analysis

An in-house python script was used to extract the relative expression for all predicted BGCs. Genes were

then filtered by their antiSMASH classification as either ’biosynthetic’, or ’biosynthetic-additional’. The

arithmetic mean expression and arithmetic mean adjusted p-value was computed for the filtered set of

genes.

3.5.11 Persistent expression analysis

For each isolate pair (isolate A, isolate B), we partitioned relative expression data for isolate A into two

groups, (i) with, and (ii) without isolate B. We performed a Student’s t-test, followed by multiple-test

correction of the p-values using the BH-procedure (see Methods: Differential gene expression). Genes

with significant p-values (p < 0.05) were considered to be ’persistent’.

3.5.12 Data visualization

All data manipulation and plotting was performed using Python, Pandas (152), and Seaborn (153). All

statistical tests utilized functions from the scipy (154) Python package.

Supplementary tables and figures can be found in Appendix B.
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Chapter 4

SimulationModeling to Compare High-Throughput,

Low-Iteration Optimization Strategies forMetabolic

Engineering

The following is a reprint of the article Heinsch, S. C., Das, S. R., & Smanski, M. J. (2018). Simulation

Modeling to Compare High-Throughput, Low-Iteration Optimization Strategies for Metabolic Engi-

neering. Frontiers in microbiology, 9, 313.

Article hyperlink:

https://doi.org/10.3389/fmicb.2018.00313

SH, SD, andMS designed the experiments and performed the analyses. SH andMS wrote the manuscript.

4.1 Summary

Increasing the final titer of a multi-gene metabolic pathway can be viewed as a multivariate optimization

problem. While numerous multivariate optimization algorithms exist, few are specifically designed to

accommodate the constraints posed by genetic engineering workflows. We present a strategy for optimiz-

ing expression levels across an arbitrary number of genes that requires few design-build-test iterations.

We compare the performance of several optimization algorithms on a series of simulated expression land-
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scapes. We show that optimal experimental design parameters depend on the degree of landscape rugged-

ness. This work provides a theoretical framework for designing and executing numerical optimization

on multi-gene systems.

4.2 Introduction

Biotechnology applications that require the coordinated expression of dozens of genes have the potential

to meet current and future needs for energy generation, production of medicinal or commodity chemi-

cals, biosynthesis of functional biomaterials, and living biosensors (155). Moving these complex systems

between alternative host species, for example a microbial host amenable to industrial scale-up, is diffi-

cult (103). A major challenge is optimizing the expression levels of each required gene to maximize final

output and minimize toxicity to the host cell (64,156–158). Technical capabilities now exist for building

and testing 1000s of unique genetic constructs in parallel (157,159–161). Further, numerous improvements

have been made in our ability to quantitatively control individual gene expression levels in the most com-

monly used organisms for industrial fermentation (64,81,162–170). Leveraging both of these capabilities will

enable high-throughput optimization strategies that rationally improve productivity and yield in less

time than low-throughput trial-and-error approaches (157).

Several strategies have been proposed for genetic optimization (Figure 4.1). In the ‘multivariate mod-

ular metabolic engineering’ approach, the combinatorial design space is reduced by grouping path-

way genes into operons based on previous knowledge (e.g., enzyme kinetics, branching of pathway,

etc.) (171,172). The reduced combinatorial space can be elucidated empirically. For instance, this strat-

egy was used to improve taxadiene titers ∼15,000-fold in E. coli (171). In another example of modular

multivariate optimization, Xu et al. (173) modified the expression levels of three modules comprising nine

genes involved in fatty-acid synthesis to improve fatty-acid titers 20-fold. Recently combinatorial RBS

libraries designed using biophysical models (81) have been implemented in high-throughput via multi-

57



Figure 4.1: Select optimization strategies for multi‐gene biological systems.

plexed automated genome engineering (159) to improve isopropanol titers 1.5-fold (174), and NADPH

regeneration rates 25-fold (81,175). Alternatively, algorithmic optimization is possible using a Design

of Experiments (DOE) approach. For example, the fractional factorial ‘Yates algorithm’ was used to

co-optimize both gene expression and media conditions in a single experiment, resulting in an approx-

imately fivefold improvement in 6-aminocaproic acid titer (9–48 mg/L) in E. coli (176). Lastly, linear

regression is an effective approach for predicting improved expression levels of a multi-gene metabolic

pathway, following a small sampling of the combinatorial design space (177,178). Previously, linear regres-

sion was shown to be capable of predicting relative titers of intermediates within engineered variants of

the violacein pathway (177), and more recently regression modeling was used to increase violacein titers

3.2-fold (179).

The ability of any global search algorithm to predict optimal expression levels depends on the rugged-

ness of the ‘fitness landscape’ (177,180). Smooth landscapes arise when variables are independent of each
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other and lend themselves well to linear regression approaches. However, if the landscape is rugged,

with multiple local optima separated by valleys (181), rational optimization methods will not be as ef-

fective (182). Fitness landscape analyses performed on a library of nitrogen fixation gene clusters suggests

that complex multi-gene systems can be moderately rugged and will not lend themselves to linear regres-

sion (Smanski, unpublished).

Numerical optimization refers to a set of techniques aimed at identifying a local or global maximum

(or minimum) in a fitness landscape. A common goal for numerical optimization methods is to find

the maximumwith the smallest amount of computational resources, which normally correlate to the

number of sampled points. For metabolic engineering, this corresponds to the number of alternative ge-

netic designs that would have to be designed, built, and tested. In a recent comparison of numerical op-

timization algorithms, variations of the DIRECT search algorithm performed well (182). The DIRECT

method balances local and global searching strategies. It was designed specifically with engineering opti-

mization in mind, where time or resource costs associated with running experiments calls for methods

with efficient use of function evaluations (183). Unfortunately, methods that seek to optimize the effi-

ciency of function evaluations do not distinguish between the number of iterations and the number of

function evaluations per iteration. This distinction is important for genetic engineering projects. In-

creasing the throughput of a single design-build-test cycle can typically be done at a small fraction of the

cost compared to increasing the number of design-build-test cycle iterations.

Here, we describe and model an approach to genetic optimization that combines (i) the quantifica-

tion of fitness landscape ruggedness with (ii) a high-throughput, low-iteration optimization algorithm

for improving genetic design. We show that the optimization parameters should be tailored for each

system based on fitness landscape ruggedness. Finally, we compare the performance of this approach to

several alternative hill-climbing algorithms.
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4.3 Results

4.3.1 Assessing the Ruggedness of aMultivariate Expression Landscape

We began by creating three model landscapes for testing optimization algorithms (Figure 4.4A). The

3D landscapes simulate a two-gene system, where the X- and Y-dimensions represent the expression

levels of the two genes, and the Z-dimension represents the measured performance of the system (e.g.,

the product titer for a metabolic system). Most metabolic pathways are more complex than this, but we

chose to model a two-gene system because the progress and results of the algorithm are easily visualized.

The algorithms described in this study can be easily adapted to higher-dimensional space.

We first aimed to establish a metric for determining the ruggedness of a gene expression landscape

based on Kauffman’s N–Kmethod (184,185). In the N–Kmethod, N refers to the number of component

parts and K is the order of interaction. When K = 0, the system variables behave independently, and the

landscape is expected to be smooth. The maximal value of K is N-1, which would represent a system

where the optimal level of any variable depends on the setting of all other variables. This would produce

a rugged landscape. A LAA allows one to estimate the average ruggedness of a landscape using sampled

data points (186,187). LAAs have been performed in biology to problems of RNA folding and protein

structure/function, but not to multi-gene expression analyses. A key difference in these types of prob-

lems is that the permutable variables in macromolecular optimization problems are discrete, whereas

gene expression level is a continuous variable. We have slightly modified previous LAAs to account for

this difference. For each model landscape, we sampled 40,000 points in the X,Y coordinate space to eval-

uate f(x,y). The autocorrelation compares the average variance for pairs of data points within a given

Euclidian distance on the (X,Y) plane to the average variance for the landscape as a whole. On smooth

landscapes, the variance of f(x,y) for two points located near each other in the (x,y) plane is expected to

be small. The variance will approach the average landscape variance as distance between two points in-

creases. The plotted landscape autocorrelation, (1−σ2d=bin(x)σ2landscape), is approximately 1 for very
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close points and approaches 0 as the distance between compared datapoints increases. The rate at which

this landscape autocorrelation value decreases is related to landscape ruggedness, with more rugged land-

scapes dropping off more rapidly (Figure 4.4B). We quantify landscape ruggedness by comparing land-

scape autocorrelation plots to the equation: f(x)=(1−xN)(1−kN)x and solving for k. The model smooth,

medium, and rugged landscapes generated for testing optimization algorithms have k values of 0.832,

1.07, and 2.07, respectively. For empirical optimization of metabolic pathways, we envision that the

actual landscape ruggedness would be measured with a seed library of diverse expression cassettes. Our

model landscapes are in the same range of ruggedness as seen in multigene metabolic pathways for which

pathway productivity is measured under combinatorial expression levels (157,171,177).

4.3.2 High-Throughput, Low-Iteration Optimization Algorithms

We next developed a set of numerical optimization algorithms that are designed with the technical as-

pects of metabolic engineering in mind. Namely, the algorithms search the multivariate expression space

with very large sampling libraries, but low numbers of iterations. As a comparison, a 20-gene synthetic

nitrogen fixation pathway was recently improved using five iterations, each with approximately 100 alter-

native genetic designs.

Each optimization algorithm follows a similar order of operations. An initial set of (x,y) coordinate

points are sampled and their fitness is evaluated using the landscape function, f(x,y). The subset of

points with the greatest fitness (i.e., the ‘parents’) are used to determine the center point and shape of

the next set of samples (Figure 4.2). The algorithm parameters are listed in Figure 4.2 and include the

number of samples taken in each generation, the area of the multidimensional expression space sam-

pled, and the fraction of sampled points carried forward as parents for the next iteration. In each case, we

sample a defined area using Sobol sequences. Sobol sequences provide a quasi-random distribution of a

search space and provide more even coverage of the space than a randomGaussian sampling.

Three unique optimization algorithms were tested that differ in how the new sampling space is de-
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Figure 4.2: Illustration of optimization algorithms used in this study. (A) Illustration and table of parameters in Sobol Hill
Climbing algorithm. The vector and dashed circle denote the spread of sample points (σ) from the starting coordinates (SC).
Gray and black dots show the sampled points per iteration (N). Black dots represent the fraction of points selected as parents
for the next generation (F). Parameters are listed in the table with approximate ranges of parameter values explored in the
current study. (B) Top panels show results from a single simulation experiment with the following parameter values: L =
smooth; SC = [300,700]; σ = x; N = xx; I = 5; F = 0.x. Each iteration is shown from left to right. Bottom panel shows the
route taken by the optimization algorithm, with black line tracing location of center‐points for Sobol sampling. Insets show
increase of fitness (z‐axis) through each iteration. (C) Summaries of triplicate simulations on three distinct parameter sets.
Graphs represent optimization routes as described in (B), with triplicate simulations represented as black, red, and blue lines.
Parameters are given below each graph in the format of [L; SC; σ; N; I; F].
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termined for each iteration (Figure 4.2). The most simple method, which we call ‘Sobol Hill Climbing,’

takes the geometric center of the high-fitness parent points in the (x,y) plane and uses that as the center

point for the next iteration of Sobol sampling (Figure 4.2A). The ‘Sobol Projection’ algorithm draws

a vector from the center of the sampled space through the geometric center of the high-fitness parent

points. If the distance [in the (x,y) plane] between those two points is d, the center of the next generation

of sampled points is along that vector 2×d away from the previous center (Figure 4.2B). The Sobol Pro-

jection algorithm has the advantage of moving faster in an uphill direction with each generation, but it

will also over-shoot the global maximummore easily than the Sobol Hill Climbing algorithm. The last

and most complex algorithm uses the covariance matrix adaptation evolution strategy (CMA-ES; Figure

4.2B) (188). This algorithm differs from Sobol Hill Climbing in two important ways. First, the center

point for the next iteration is determined by the weighted average of the high-fitness parent points, with

weights determined by fitness value. Second, the shape of the sampling space is adjusted with each iter-

ation. While the first two algorithms always search with a Sobol sequence following an N-dimensional

standard normal distribution, the CMA-ES algorithm adjusts both the size and shape of the sampled

area, according to the size and shape of the distribution of high-fitness parent points.

We evaluate the performance of an algorithm by tracking the fitness of the center point for each of the

first five iterations (Figure 4.2C). The area under this curve represents the performance of the algorithm.

In this way, the performance reflects both the fitness value attained and how quickly the algorithm ar-

rived at that fitness value. We run each algorithm five times with identical parameters and record the

standard deviation of the performance metric. This gives a measure for how reliably the algorithm can be

expected to perform.

4.3.3 Parameter Optimization for Each Algorithm

Parameters such as number of points sampled per iteration or the number of iterations are likely to be

determined by the time and resources available for expression optimization efforts. Parameters affect-
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ing the distribution of sampled points and the fraction of sampled points used as parents for the next

iteration do not change the cost of a given design-build-test iteration, but can greatly influence the op-

timization results. We simulated each optimization algorithm using a range of parameter values for σ

and F. For each combination of parameters, we simulated five optimizations and score both the average

fitness and the standard deviation, as measures of performance and reliability, respectively.

Results from the survey of parameter combinations for the three search algorithms are shown in Fig-

ure 4.3. Not surprisingly, each algorithm performed best on the smoothest landscape, both in terms

of the gain in fitness and in the reliability. The Sobol Hill Climbing algorithm (Figure 4.3A) generally

worked best when each iteration sampled a disperse set of points (large σ value) and only a small frac-

tion of sampled points (small F-value) were used to seed the next generation. For medium and rugged

landscapes, the algorithm was less reliable at values of F < 0.2. This was not observed for the smoothest

landscape.

The Sobol Projection algorithm (Figure 4.3B) performed slightly better than the Sobol Hill Climb-

ing method, particularly on more rugged landscapes. Notably, this algorithm was more sensitive to the

fraction of kept values (F). Low F-values resulted in a substantial decrease in fitness as well as an increase

in noise. Both the Sobol Projection and Sobol Hill Climbing algorithms showed a prominent loss of re-

liability (high standard deviation) on the medium-ruggedness landscape when the sampling range was

approximately 100 units, even at intermediate F-values. At these parameter values, the optimization al-

gorithm tended to get trapped in one local optimum, which was determined stochastically at an early

iteration.

The CMA-ES optimization strategy (Figure 4.3C) performed substantially worse than the others in

the conditions tested, both in terms of fitness values attained and in the reliability. It routinely found

the global maximum in the smoothest landscape, but not as quickly as the other two algorithms. For

the medium and rugged landscape, it rarely found the global maximum in the first five iterations. When

the CMA-ES algorithm was allowed to run for more iterations, it routinely found the global maximum
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Figure 4.3: Performance and reliability of numerical optimization algorithms across parameter space. The Sobol hill climbing
algorithm (A), Sobol projection algorithm (B), and CMA‐ES algorithm (C) are compared. For each algorithm, left plots show
mean performance from five independent simulations at each parameter combination for optimizations run on a smooth
landscape (top), medium landscape (middle), and rugged landscape (bottom). Right plots show reliability of algorithm for each
parameter combination, measured as the standard deviation of performance over the five independent simulations.

(data not shown).

4.4 Discussion

The topology of landscapes connecting sequence space to biological phenotypes impacts the evolution

of biological systems (185). This has been shown through a combination of theoretical and experimental

work, but primarily at the level of single proteins or RNAmolecules (187,189). Smooth landscapes occur

when the variables behave independently. Systems with smoothMt. Fuji-like landscapes lend themselves

to simple optimization approaches (181). In a system comprising perfectly independent variables, each

variable could be optimized separately and the optimum of each variable combined to locate the global

maximum. However, in rugged or partially rugged landscapes, interactions among variables can create

several local maxima or minima that will confuse optimization efforts (181). In a recent comparison, prob-
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lem dimensionality and non-smoothness decreased the performance of all optimization algorithms (182)

tested.

Modern DNA synthesis and assembly capabilities allow for the design, construction, and evaluation

of large libraries of multi-gene systems (157,176,190). This enables evolution-landscape analyses that con-

nect expression levels over each gene in the system with overall system performance. The ruggedness of

multi-gene expression landscapes has never been rigorously analyzed, but is important for the perfor-

mance of optimization algorithms. Linear regression optimizations require that the landscape is smooth

and devoid of sub-optima (177). However, we have observed moderate ruggedness in the multivariate

expression landscape of the nitrogen fixation gene cluster (157). Landscape ruggedness in multi-gene sys-

tems can arise from several scenarios. It is possible that the landscape is rugged because of interactions

between the final protein products. For example, for multi-protein complexes, optimal system perfor-

mance might occur at a particular stoichiometry of component parts (157). In this case the optimal level

of each component is not fixed, but depends on the expression levels of other components in the sys-

tem. A second mechanism for landscape ruggedness in multi-gene systems, which can be considered

an ‘apparent ruggedness’ arises from genetic context effects (191). These genetic context effects are often

unintended consequences that arise frommanipulating expression levels of different genes that are in

close proximity in the DNA sequence. For example, strong transcription of one gene can attenuate the

expression of a neighboring, reverse-oriented transcript via several possible mechanisms (192). Appar-

ent ruggedness caused by genetic context effects will diminish the efficacy of linear regression and other

methods that assume a smooth landscape. Whether the ruggedness of a gene expression landscape comes

from interactions of gene products, or genetic context effects that produce a lot of noise when sampling

a multidimensional expression space, the impact on optimization strategies is similar. The global opti-

mum on smooth landscapes can be found through conservative searches that continuously walk uphill.

Rough landscapes require a less conservative approach where a fraction of the sampling resources are

used to search for other local maxima.
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We have presented a set of analyses that first assess landscape ruggedness and then optimize the land-

scape using a limited number of high-throughput iterations. We show that landscape ruggedness af-

fects optimal parameter settings during a multigene optimization strategy. As the landscape topology

is a characteristic of the system being optimized, it will not be tunable (as it was with our model land-

scapes). However, knowledge of the ruggedness can guide the engineer to select appropriate parameter

values such as the sampling range and the fraction of sampled points used to guide the next iteration.

Smooth landscapes tolerate optimization strategies that cast a broad net over the sampling space and use

information from only a small number of sampled points to direct the next round of sampling. Con-

versely, optimization of more rugged landscapes benefits, both in terms of performance and reliability,

from sampling less broadly and using information from roughly 40% of the sampled space to direct the

next round of sampling. We did not assess whether the benefit of improved optimization parameters

outweighs the cost of performing an initial sampling of variable space to quantify ruggedness. Such a

cost/benefit analysis would be highly specific to the system being optimized.

Landscape ruggedness assessments are likely only valid in the local neighborhood of variable space.

Rugged fitness landscapes can appear smooth across small search spaces, and empirically derived fitness

landscapes tend to be asymmetric (193). Because of this, it is important to reassess local ruggedness in op-

timizations that drift far from the original starting point. While not included in the models tested here,

it would be useful to continuously update the ruggedness quantification with each round of sampling.

This could be done using points sampled during optimization efforts and would not require any addi-

tional experimental steps.

The modeling we have performed in this study optimizes over a landscape with two independent

variables (X and Y axes; representing the gene expression from two different genes), and one dependent

variable (Z axis; representing system fitness). We chose a simple system for ease of visualization of how

the algorithm functions to climb in three-dimensional space. Each of the components of our work flow

will work equally well for any N-dimensional optimization. For example, a 10-gene metabolic pathway
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would contain 10 independent variables representing expression levels of each gene and an 11th depen-

dent variable corresponding to the final titer of the molecule of interest. Because we ran our simulation

experiments on a relatively low-dimensional space, we decreased the number of sampled points per iter-

ation accordingly. For an 8–12 gene metabolic pathway, an analogous experiment would require 100–

200 sampled points per iteration. This scale is in line with recently demonstrated capabilities (157).

4.5 Materials andMethods

4.5.1 Creation ofModelMultivariate Landscapes

We created three model multivariate landscapes on which to test the optimization algorithms in this

study. The landscapes were made by summing multiple three-dimensional Gaussian surfaces, the equa-

tions for which are given in Supplementary Files ‘surface_matrix-low.py,’ ‘surface_matrix-med.py,’ and

‘surface_matrix-high.py’ for the smooth, medium, and rugged landscapes, respectively. Each model land-

scape was designed with different levels of ruggedness by varying the X- and Y-dimensional spread of

each sub-peak. The height and location in the X–Y coordinate plane of each sub-peak were maintained

in each model landscape. Three-dimensional graphics of each landscape are shown in Figure 4.4.

4.5.2 Quantification ofModel Landscapes

Forty thousand coordinate (X,Y) points were sampled from each model landscape in a square-grid pat-

tern (200 × 200 points) and evaluated to determine the Z-value at each location. For all possible pairwise

combination of points, two values were recorded: (i) the Euclidian distance between the pairs of points

in the X–Y plane, and (ii) the squared difference between the two Z-values. Next, all pairwise compar-

isons were binned based on Euclidian distance into bins from 0–100, 100–200, …600–700. The average

variance for each bin was calculated by taking the mean of the squared differences for pairs of points in

that bin. For the landscape autocorrelation analysis (LAA), we plot:
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Figure 4.4: Model landscapes and ruggedness analysis. (A) Three model landscapes described in the text as ‘smooth’ (left),
‘medium’ (center), and ‘rugged’ (right) are shown as three‐dimensional wire surfaces (top) and two‐dimensional contour maps
(bottom). X‐ and Y‐axes represent hypothetical expression levels of two genes in a multi‐gene system, and Z‐axis represents
system performance. (B) Autocorrelation function plotted for smooth (white circles), medium (gray circles), and rugged (black
circles) landscapes compared to hypothetical traces based on NK‐model, where N = 700 and K = 0, 1, 2, 4, 8, and 16 (gray
lines, from right to left).

LA = (1−
σ2d=bin(x)

σ2landscape
)

where σ2 landscape is the random variance for the landscape. This was approximated using the pairs

of points for which the Euclidian distance is between 600 and 700, as distances greater than 700 are

constrained by the size of the search space (1000 × 1000 grid), leading to less pairs sampled at greater

distances. Landscape ruggedness was quantified by plotting lines from the function:

f(x) = (1− x
N
)(1− k

N
)x

for N = 700 and determining the best-fit value of k by the non-linear least squares method in R (Ver-

sion 3.3.3, R Core Team, 2017).
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4.5.3 Simulation Algorithm for Optimizing onModel Landscapes

A series of python scripts were created to sample a quasi-random distribution of points around a de-

fined starting coordinate, evaluate the fitness (Z-value) for each sampled point, and determine the center

point for the next round of sampling, and iterate this process. These are included as Supplementary

Files ‘SobolHillClimb.py,’ ‘SobolHillClimbWithProjection.py,’ and ‘SobolHillClimb-CMA-ES.py.’ For

each algorithm, parameters that must be specified include the starting coordinates, the Sobol range ra-

dius (a measure for how broad of an area is sampled with each iteration), the number of dimensions, the

number of designs to evaluate per iteration, and the fraction of top-performing designs to use in calcu-

lating the center point for the subsequent iteration. The three algorithms differ in how each iteration

of sampled points is generated. In the most basic algorithm, the center point is the geometric center of

top-performing designs. In the ‘projection’ algorithm, the new center point is projected twofold along a

vector connecting the previous center point and the center of the top-performing designs. In the CMA-

ES strategy (188), the center point is generated as described for the basic algorithm, but the subsequent

quasi-random sampling is perturbed to preference sampling in the same direction as the vector connect-

ing the previous center point to the next center point.

4.6 Conclusion

We propose an integrated strategy for metabolic pathway engineering that combines landscape analysis

with a multivariate optimization algorithm. An initial autocorrelation analysis provides a quantitative

measure of the ruggedness of the adaptive landscape. This ruggedness metric is used to guide an appro-

priate selection of parameters during the iterative optimization process. Of the three optimization strate-

gies simulated in this study, the Sobol Projection method gave the best performance on several model

landscapes. Further work is needed to validate this strategy using an experimental system.
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Chapter 5

Conclusion

In this dissertation, I have presented contributions to Streptomyces biology, microbial ecology, as well

as metabolic engineering. We answered some of the questions we set out to answer, and we have set the

stage for asking the next questions that will drive research in these areas. Early in my graduate studies, we

published what, at the time, were some the highest quality, in terms of continuity and per-base quality,

genomes available for not only genus Streptomyces, but non-model streptomycetes. Much of the Strepto-

myces genomics, transcriptomics, proteomics, and metabolomics work available in the literature has been

motivated by (i) the basic science desire to understand the genus as a whole, as well as (ii) the application

of specific Streptomyces species to the manufacture and discovery of novel small molecule natural prod-

ucts. In both cases, resources are focused (rightfully so) on studying model streptomycetes. In the case

of the earliest developmental biology focused studies in Streptomyces, Streptomyces coelicolor was studied,

in part, due to its ability to produce the blue-pigmented antibiotic actinorhodin. This easily observed

phenotype facilitated pre-genomics era genetics studies. If we hope to understand the complex ecolo-

gies that exist within soil, we ought to devote resources to the study of diverse isolates. We learned that

neither biosynthetic gene cluster (BGC) abundance, nor BGC uniqueness, nor presence of canonical

signaling compound biosynthetic genes explained the unique ecological features of the Streptomyces iso-

lates we sequenced. This work suggested that the answers to what makes this trio of isolates unique from
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an interspecies communication perspective may not be readily interpretable out of the context in which

they are observed. This of course was on a small sample size. Given sufficient examples of genotypically

diverse isolates, with similar phenotype, modern computational methods like deep learning may be able

to suggest genomic signatures to investigate.

Several contributions were made through the synthetic metatranscriptomics experiment. This work

set out to explore questions that could not be answered by simply looking at the genomes of a handful

of isolates. Although it has been six years since we set out on this project, there is still, to the best of our

knowledge, no other study of this scale that focuses on how gene expression changes within defined

Streptomyces communities, at multiple levels of community complexity. Some findings surprised us,

such as not finding a single BGCwhose expression clearly correlated with community composition, or

that gene repression was the dominant mode of regulation in communities, and that this repression was

pronounced in the chromosomal arms, which are known to house the majority of secondary metabolic

related genes in Streptomyces. We also found hints to the modulation of iron as a potential mechanism

driving interactions between some groups of isolates.

One of the contributions of this work that has already shaped how we study Streptomyces community

gene expression, has been our experience dealing with the technical short-comings of the experiment.

For instance, the data from this study was sufficient to validate the metatranscriptomics approach to

studying community-level gene expression, and our struggle with limited replicates has influenced the

design of a more focused four-member Streptomycesmetatranscriptomics study in collaboration with the

University of Manchester, England.

While no formal study was performed, a large contribution to the field of Streptomyces genomics

was made as a result of a sequencing project with the Joint Genome Institute (JGI). Our collaboration

with JGI provided 76, high-quality, non-model Streptomyceswhole-genome sequences. The isolates

sequenced were selected for their unique ecologies and habitats from which they were isolated. All 76

genomes were sequenced entirely using PacBio technology. This technology captures not only the nu-
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cleotide identity of each residue in the genome, but so too the methylation/modification state of each

nucleotide.

5.1 Future directions

While there was no indisputable evidence of a single BGC driving community interactions, we did dis-

cover several BGCs that are conditionally expressed in some communities. Moreover, some of these

BGCs are yet to be characterized. It would be a worthwhile endeavor for to investigate these BGCs, and

take them through full characterization of the structure of their molecular products. Our approach to

studying gene expression within communities could be used as a tool for the induction, and character-

ization, of large or complex BGCs. Most BGCs are not expressed in lab conditions; known to the field

as ‘cryptic’ or ‘silent’ BGCs. While methods exist to clone and heterologously express large segments of

DNA (194–196), they are sensitive to fragment size, and often require laborious methods. Additionally,

heterologous expression of BGCs relies on a degree of independence, in that all required inputs (i.e. pre-

cursors) must either be packaged in the BGC, or present in the heterologous host genome. Community-

level induction of cryptic BGCs, within the native host, alleviates these issues. Further, while not guar-

anteed, the metatranscriptomics data from the community may be used in conjunction with phenotypic

data (e.g. competition assays, inhibition assays, etc.), and molecular structure, to suss out the function of

the natural product in the interaction.

That the modified primary metabolic genes in the focal isolate pairs with Streptomyces sp. 3212.4 and

Streptomyces sp. 3212.5 largely agree with what is known about changes in carbon metabolism, nitrogen

regulation, and oxidative stress response is promising lead for future studies. Given that a great deal has

already been characterized about these regulons, a more novel study may be one focused on the genetic

component of the change inducing partner isolates Streptomyces sp. 3212.4 and Streptomyces sp. 3212.5.

In Chapter 2 I provided suggestions for targets. A simple first experiment would be deletion studies in
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which the siderophore clusters are knocked out, and changes in morphological phenotype in the focal

isolates are analyzed.

There is a wealth of data available within the 76 genomes sequenced via JGI. Future researchers in-

terested in natural product discovery would do well to begin their search within these isolates. With ap-

proximately 30 canonical BGCs per genome, there are over 2000 BGCs that could be explored. A good

first step would be performing basic genomic analyses (genomic similarity) to determine redundancy,

followed by predicting BGCs and determining their similarity within the 76 isolates, as well as to already

characterized BGCs. From there I can provide no specific advice as the mode of characterization (fer-

mentation, heterologous expression, refactoring, deletion studies, regulator engineering) depends heavily

on the nature (size, biosynthetic class, regulatory logic) of the BGC itself.

To the best of our knowledge, there has been no direct application in the literature of our simulation

based metabolic engineering strategy. Since 2018 there have been substantial advances in the field of

machine learning, and within deep learning in particular. There have been several examples of applying

deep learning to the optimization of multi-gene pathways (197,198). One very useful application of deep

learning in this regard is as an imputation tool. The performance of deep learning models relies on a sub-

stantially sized training set. Some deep learning architectures, generative adversarial networks (GANs)

in particular, would be a promising addition to the simulation framework. Should one choose to im-

plement our approach, I recommend that they investigate the possibility of using a GAN to generate

additional data points to feed the simulation model.

At this point there is no evidence in the field that a generalized set of rules to establish and maintain

disease-suppressive soils exists. Given the biological, chemical, and physical complexity of both the soil

and rhizosphere microbiome, great advances in high-throughput genotyping, phenotyping, and cultur-

ing will be necessary if we hope to fully understand the mechanisms that drive DSS. The work featured

in this dissertation highlights two key aspects that I believe will set the theme for the development of

this field. Engineering DSS, beyond inoculating with high-levels of a single isolate, will require looking
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beyond what is encoded in a handful of genomes, and forming a deep understanding of community

interactions.
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Appendix A

Supplemental materials for Complete genome sequences

of Streptomyces spp. isolated from disease-suppressive soils

A.1 Predicted biosynthetic gene clusters for the three Streptomyces

isolates

Table A.1: Streptomyces sp. GS93‐23 gene clusters

Accession Cluster Predicted class Start End Our Annotation

CP019457.1 1 Lassopeptide 195123 264181

2 Thiopeptide-Lantipeptide 439594* 453423* Cyclothiazomycin (66)

3 Nrps-T1pks 531139 609114

4 Lantipeptide 708680 731292

5 Nrps 908141 965139

6 Bacteriocin-Cf_saccharide 1059184 1101127

7 T2pks 1121146 1169639

8 Nrps-Terpene-T1pks 1505293* 1593855* Streptolydigin (67)

9 Siderophore 2053362* 2058673* Desferrioxamine B (73)

10 Ectoine 2142175* 2145592* Ectoine (77)

11 Lassopeptide 3346247 3368813
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Table A.1: Streptomyces sp. GS93‐23 gene clusters

Accession Cluster Predicted class Start End Our Annotation

12 T1pks-Cf_fatty_acid 3696168 3743881

13 Lantipeptide-Cf_fatty_acid 4195732 4231551

14 Terpene 4654286 4676523

15 Nrps 4707417* 4750551* Mannopeptimycin (68)

16 Siderophore 6255261 6270018

17 T3pks-Nrps 6456534 6541453

18 Butyrolactone 6519962 6541453

19 Bacteriocin 6571918 6607981

20 Terpene 6988730 7035712

21 Terpene 7161797* 7173404* Hopene (75)

22 Terpene 7394231 7415328

23 Melanin-Nrps-T1pks 7578517 7647049

24 Butyrolactone 7845349 7866865

25 Bacteriocin 7991854 8035675

26 Nrps-Cf_saccharide-Terpene 7991854 8111863

Table A.2: Streptomyces sp. 3211‐3 gene clusters

Accession Cluster Predicted class Start End Our Annotation

CP020039.1 1 Thiopeptide-Lantipeptide 42452 86704

2 Nrps-Ectoine-Cf_fatty_acid 50628 162596

3 Butyrolactone 92595 162596

4 Terpene 164334 212168

5 Bacteriocin 490923 501096

6 Ectoine 650075* 653448* Ectoine (77)

7 T2pks 734087 776581
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Table A.2: Streptomyces sp. 3211‐3 gene clusters

Accession Cluster Predicted class Start End Our Annotation

8 Nrps 1237647* 1272586* Tambromycin (69)

9 Nrps-T1pks 1365295* 1385246* Coelichelin (70)

10 Butyrolactone 1434091 1490762

11 Cf_fatty_acid-Nrps-T1pks 1434091 1545568

12 Siderophore 3095812* 3103099* Desferrioxamine B (73)

13 Phosphonate-Ladderane-

Cf_fatty_acid-T1pks

3504301 3594577

14 Nucleoside 3533889 3597786

15 Butyrolactone 4231389 4272166

16 Lantipeptide-Cf_fatty_acid-

Arylpolyene

5096360 5139726

17 Siderophore 6031316 6046390

18 Nrps-T1pks 6134059 6251759

19 Bacteriocin 6326616 6357733

20 Terpene 6468007 6536887

21 T1pks-Cf_fatty_acid 6488707 6536887

22 Cf_saccharide-T1pks 6488707 6599667

23 Terpene 6888835* 6897732* Hopene (75)

24 T1pks-Otherks 6942937 7014751

25 Nrps 7053970 7140641

26 Nrps 7234813 7285532

27 Lantipeptide 7399629 7428343

28 Terpene 7486707 7507804

29 Lantipeptide 7582565* 7589118* SapB (76)

30 Terpene 7646639* 7648894* 2-methylisoborneol (71)
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Table A.2: Streptomyces sp. 3211‐3 gene clusters

Accession Cluster Predicted class Start End Our Annotation

31 Terpene-Melanin 7741551 7798205

32 Siderophore 7922498 7944290

33 T3pks 7965814 8015579

34 Other 8044240 8084893

35 Other 8071720 8115631

36 Nrps 8153326 8230599

CP020040.1 37 Lantipeptide 275029 297872

38 Nrps 317542 369043

Table A.3: Streptomyces sp. S3‐4 gene clusters

Accession Cluster Predicted class Start End Our Annotation

CP020042.1 1 Other 293884 334687

2 Other 318352 362332

3 Otherks-T1pks 415409 467555

4 Other 460056 500778

5 Nrps 503717 547195

6 Other 599623 641515

7 T2pks 774236 816742

8 T1pks 810028 855541

9 Thiopeptide-

Lantipeptide

1246647 1274503

10 Nrps-T1pks-

Cf_fatty_acid

2543542 2608861

11 Siderophore 2890650* 2897998* Desferrioxamine B (73)

12 Siderophore 5727419 5741847
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Table A.3: Streptomyces sp. S3‐4 gene clusters

Accession Cluster Predicted class Start End Our Annotation

13 Bacteriocin 5989611 6000969

14 Terpene 6095043 6117265

15 Nrps 6256178 6324749

16 Terpene 6456916* 6472585* Hopene (75)

17 Terpene 6625217 6646326

18 Nrps 6755726* 6783618* Streptothricin (72)

19 Terpene 6634300* 6636326* 2-methylisoborneol (71)

20 Melanin-Terpene 6898352 6956176

21 T3pks-Siderophore 6999210 7042095

22 Lantipeptide 7197530* 7203981* SapB (76)

23 Other 7244572 7288504

24 Bacteriocin 7441958 7475954

CP020043.1 25 Nrps-T1pks-Melanin 37745 168930

26 Nrps 157767 209377

27 T1pks-Nrps-T2pks-

Butyrolactone

205255 348805

CP020044.1 28 T1pks 1 188553

A.2 Cluster abundance for 125 Complete Streptomyces genomes
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A.3 SupplementaryMethods

A.3.1 Cluster abundance comparison

Unannotated sequences for 125 complete status Streptomyces genomes were downloaded from

the PATRIC database12. Sequences were annotated with antiSMASH 4.1. Detection of puta-

tive clusters was disabled. A Python script was used to count the number of cluster features in

the resulting genbank files. The cluster abundance data was combined with genome statistics

from the PATRIC database including contig, chromosome, and plasmid counts, GC content,

genome size, and CDS counts.

A.3.2 Signaling potential analysis

MultiGeneBlast13 was used to query the 496 genomes from the phylogenetic analysis dataset.

Query sequences were ScbA and AfsR homologue amino acid sequences from γ-butyrolactone

BGCs from 3211-3, S3-4, or GS93-23. Genome IDs were sorted in descending order of clus-

terBLAST score from 3211-3. Identity scores from the phylogenetic analysis were plotted

against clusterBLAST scores.
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Figure A.1: Indel comparison of Illumina polished vs. PacBio only assemblies.
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Appendix B

Supplemental materials forMetatranscriptomic analysis of syn-

thetic communities of sympatric Streptomyces isolates from dis-

ease suppressive soil

B.1 Molecular phylogeny of ten sympatric Streptomyces isolates compared

to type strains
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Figure B.1 (following page): Molecular phylogeny of ten sympatric Streptomyces isolates compared to type strains. (a) Rooted
phylogenetic tree showing Streptomyces type strains (black) from PubMLST and new strains from this study (red). Mycobac‐
terium tuberculosis was used as an outgroup. The tree was produced using FastTree. Scale bar shows the radial distance
corresponding to a 10% change in sequence identity. (b‐d) Higher resolution unrooted phylogenetic trees showing the most
similar type strains to our ten DSS isolates. (e) Multi‐locus sequence typing approach for molecular phylogeny.
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Figure B.1: (continued)
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B.2 Average nucleotide identity matrix of ten sympatric Streptomyces isolates
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Figure B.2: Average nucleotide identity matrix of ten sympatric Streptomyces isolates. Identity values are based on pairwise
whole‐genome alignments performed using the dnadiff algorithm from the MUMmer suite (199).
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B.3 Genome maps of the ten sympatric Streptomyces isolates
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Figure B.3 (following page): Genome map of Streptomyces sp. 3211.1. Outer black ring represent assembled contigs. Genomic
position (Mb) indicated along contigs. Tracks from outside to inside represent the following data. Putative BGC annota‐
tions, colored by predicted biosynthetic class (track 1). Coding sequences on forward and reverse strands (tracks 2 and 3,
respectively), colored by broad NOG functional categories. Coding sequences predicted to encode proteins containing signal
peptides. Upper and lower halves of signal peptide markers are colored if they are upregulated (red, log2FC > 1), or down‐
regulated (blue, log2FC < ‐1) in at least one community (track 4). Moving average of log2FC within a 10,000 bp window,
incrementing by 1,000 bp (variable number of tracks depending on isolate, starting at track 5). Average log2FC values are col‐
ored red (positive) or blue (negative), and appear dark if values are outside the range [‐1, 1]. Inner most tracks, from outside in
represent G + C content and G + C skew, respectively. Each is shown for two window sizes: 10 Kb (dark blue above average,
dark orange below average) and 1 Mb (light blue above average, light orange below average). Only the 10 Kb resolution data
is shown for plasmids.
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Figure B.3: (continued)
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Figure B.4 (following page): Genome map of Streptomyces sp. 3211.3. Outer black ring represent assembled contigs. Genomic
position (Mb) indicated along contigs. Tracks from outside to inside represent the following data. Putative BGC annota‐
tions, colored by predicted biosynthetic class (track 1). Coding sequences on forward and reverse strands (tracks 2 and 3,
respectively), colored by broad NOG functional categories. Coding sequences predicted to encode proteins containing signal
peptides. Upper and lower halves of signal peptide markers are colored if they are upregulated (red, log2FC > 1), or downreg‐
ulated (blue, log2FC < ‐1) in at least one community (track 4). Inner most tracks, from outside in represent G + C content and
G + C skew, respectively. Each is shown for two window sizes: 10 Kb (dark blue above average, dark orange below average)
and 1 Mb (light blue above average, light orange below average). Only the 10 Kb resolution data is shown for plasmids.
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Figure B.4: (continued)
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Figure B.5 (following page): Genome map of Streptomyces sp. 3211.5. Outer black ring represent assembled contigs. Genomic
position (Mb) indicated along contigs. Tracks from outside to inside represent the following data. Putative BGC annota‐
tions, colored by predicted biosynthetic class (track 1). Coding sequences on forward and reverse strands (tracks 2 and 3,
respectively), colored by broad NOG functional categories. Coding sequences predicted to encode proteins containing signal
peptides. Upper and lower halves of signal peptide markers are colored if they are upregulated (red, log2FC > 1), or down‐
regulated (blue, log2FC < ‐1) in at least one community (track 4). Moving average of log2FC within a 10,000 bp window,
incrementing by 1,000 bp (variable number of tracks depending on isolate, starting at track 5). Average log2FC values are col‐
ored red (positive) or blue (negative), and appear dark if values are outside the range [‐1, 1]. Inner most tracks, from outside in
represent G + C content and G + C skew, respectively. Each is shown for two window sizes: 10 Kb (dark blue above average,
dark orange below average) and 1 Mb (light blue above average, light orange below average). Only the 10 Kb resolution data
is shown for plasmids.
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Figure B.5: (continued)
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Figure B.6 (following page): Genome map of Streptomyces sp. 3211.6. Outer black ring represent assembled contigs. Genomic
position (Mb) indicated along contigs. Tracks from outside to inside represent the following data. Putative BGC annota‐
tions, colored by predicted biosynthetic class (track 1). Coding sequences on forward and reverse strands (tracks 2 and 3,
respectively), colored by broad NOG functional categories. Coding sequences predicted to encode proteins containing signal
peptides. Upper and lower halves of signal peptide markers are colored if they are upregulated (red, log2FC > 1), or down‐
regulated (blue, log2FC < ‐1) in at least one community (track 4). Moving average of log2FC within a 10,000 bp window,
incrementing by 1,000 bp (variable number of tracks depending on isolate, starting at track 5). Average log2FC values are col‐
ored red (positive) or blue (negative), and appear dark if values are outside the range [‐1, 1]. Inner most tracks, from outside in
represent G + C content and G + C skew, respectively. Each is shown for two window sizes: 10 Kb (dark blue above average,
dark orange below average) and 1 Mb (light blue above average, light orange below average). Only the 10 Kb resolution data
is shown for plasmids.
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Figure B.6: (continued)
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Figure B.7 (following page): Genome map of Streptomyces sp. 3212.2. Outer black ring represent assembled contigs. Genomic
position (Mb) indicated along contigs. Tracks from outside to inside represent the following data. Putative BGC annota‐
tions, colored by predicted biosynthetic class (track 1). Coding sequences on forward and reverse strands (tracks 2 and 3,
respectively), colored by broad NOG functional categories. Coding sequences predicted to encode proteins containing signal
peptides. Upper and lower halves of signal peptide markers are colored if they are upregulated (red, log2FC > 1), or down‐
regulated (blue, log2FC < ‐1) in at least one community (track 4). Moving average of log2FC within a 10,000 bp window,
incrementing by 1,000 bp (variable number of tracks depending on isolate, starting at track 5). Average log2FC values are col‐
ored red (positive) or blue (negative), and appear dark if values are outside the range [‐1, 1]. Inner most tracks, from outside in
represent G + C content and G + C skew, respectively. Each is shown for two window sizes: 10 Kb (dark blue above average,
dark orange below average) and 1 Mb (light blue above average, light orange below average). Only the 10 Kb resolution data
is shown for plasmids.
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Figure B.7: (continued)
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Figure B.8 (following page): Genome map of Streptomyces sp. 3212.3. Outer black ring represent assembled contigs. Genomic
position (Mb) indicated along contigs. Tracks from outside to inside represent the following data. Putative BGC annota‐
tions, colored by predicted biosynthetic class (track 1). Coding sequences on forward and reverse strands (tracks 2 and 3,
respectively), colored by broad NOG functional categories. Coding sequences predicted to encode proteins containing signal
peptides. Upper and lower halves of signal peptide markers are colored if they are upregulated (red, log2FC > 1), or down‐
regulated (blue, log2FC < ‐1) in at least one community (track 4). Moving average of log2FC within a 10,000 bp window,
incrementing by 1,000 bp (variable number of tracks depending on isolate, starting at track 5). Average log2FC values are col‐
ored red (positive) or blue (negative), and appear dark if values are outside the range [‐1, 1]. Inner most tracks, from outside in
represent G + C content and G + C skew, respectively. Each is shown for two window sizes: 10 Kb (dark blue above average,
dark orange below average) and 1 Mb (light blue above average, light orange below average). Only the 10 Kb resolution data
is shown for plasmids.
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Figure B.8: (continued)
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Figure B.9 (following page): Genome map of Streptomyces sp. 3212.4. Outer black ring represent assembled contigs. Genomic
position (Mb) indicated along contigs. Tracks from outside to inside represent the following data. Putative BGC annota‐
tions, colored by predicted biosynthetic class (track 1). Coding sequences on forward and reverse strands (tracks 2 and 3,
respectively), colored by broad NOG functional categories. Coding sequences predicted to encode proteins containing signal
peptides. Upper and lower halves of signal peptide markers are colored if they are upregulated (red, log2FC > 1), or down‐
regulated (blue, log2FC < ‐1) in at least one community (track 4). Moving average of log2FC within a 10,000 bp window,
incrementing by 1,000 bp (variable number of tracks depending on isolate, starting at track 5). Average log2FC values are col‐
ored red (positive) or blue (negative), and appear dark if values are outside the range [‐1, 1]. Inner most tracks, from outside in
represent G + C content and G + C skew, respectively. Each is shown for two window sizes: 10 Kb (dark blue above average,
dark orange below average) and 1 Mb (light blue above average, light orange below average). Only the 10 Kb resolution data
is shown for plasmids.
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Figure B.9: (continued)
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Figure B.10 (following page): Genome map of Streptomyces sp. 3212.5. Outer black ring represent assembled contigs. Ge‐
nomic position (Mb) indicated along contigs. Tracks from outside to inside represent the following data. Putative BGC anno‐
tations, colored by predicted biosynthetic class (track 1). Coding sequences on forward and reverse strands (tracks 2 and 3,
respectively), colored by broad NOG functional categories. Coding sequences predicted to encode proteins containing signal
peptides. Upper and lower halves of signal peptide markers are colored if they are upregulated (red, log2FC > 1), or downreg‐
ulated (blue, log2FC < ‐1) in at least one community (track 4). Inner most tracks, from outside in represent G + C content and
G + C skew, respectively. Each is shown for two window sizes: 10 Kb (dark blue above average, dark orange below average)
and 1 Mb (light blue above average, light orange below average). Only the 10 Kb resolution data is shown for plasmids.
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Figure B.10: (continued)
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Figure B.11 (following page): Genome map of Streptomyces sp. 3213.3. Outer black ring represent assembled contigs. Ge‐
nomic position (Mb) indicated along contigs. Tracks from outside to inside represent the following data. Putative BGC an‐
notations, colored by predicted biosynthetic class (track 1). Coding sequences on forward and reverse strands (tracks 2 and
3, respectively), colored by broad NOG functional categories. Coding sequences predicted to encode proteins containing
signal peptides. Upper and lower halves of signal peptide markers are colored if they are upregulated (red, log2FC > 1), or
downregulated (blue, log2FC < ‐1) in at least one community (track 4). Moving average of log2FC within a 10,000 bp window,
incrementing by 1,000 bp (variable number of tracks depending on isolate, starting at track 5). Average log2FC values are col‐
ored red (positive) or blue (negative), and appear dark if values are outside the range [‐1, 1]. Inner most tracks, from outside in
represent G + C content and G + C skew, respectively. Each is shown for two window sizes: 10 Kb (dark blue above average,
dark orange below average) and 1 Mb (light blue above average, light orange below average). Only the 10 Kb resolution data
is shown for plasmids.
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Figure B.11: (continued)
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Figure B.12 (following page): Genome map of Streptomyces sp. 3214.6. Outer black ring represent assembled contigs. Ge‐
nomic position (Mb) indicated along contigs. Tracks from outside to inside represent the following data. Putative BGC an‐
notations, colored by predicted biosynthetic class (track 1). Coding sequences on forward and reverse strands (tracks 2 and
3, respectively), colored by broad NOG functional categories. Coding sequences predicted to encode proteins containing
signal peptides. Upper and lower halves of signal peptide markers are colored if they are upregulated (red, log2FC > 1), or
downregulated (blue, log2FC < ‐1) in at least one community (track 4). Moving average of log2FC within a 10,000 bp window,
incrementing by 1,000 bp (variable number of tracks depending on isolate, starting at track 5). Average log2FC values are col‐
ored red (positive) or blue (negative), and appear dark if values are outside the range [‐1, 1]. Inner most tracks, from outside in
represent G + C content and G + C skew, respectively. Each is shown for two window sizes: 10 Kb (dark blue above average,
dark orange below average) and 1 Mb (light blue above average, light orange below average). Only the 10 Kb resolution data
is shown for plasmids.

147



Figure B.12: (continued)
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B.4 Hierarchical composition of synthetic communities

Figure B.13: Hierarchical composition of synthetic communities. Network graph showing color‐coded composition of each
community analyzed in this study. Communities are arrayed vertically by community complexity with most complex on top
and axenic cultures on the bottom. Five‐letter codes are community identifiers used to track RNAseq reads. Short‐hand
abbreviations for strains are given below the axenic nodes (e.g. Streptomyces sp. 3211.1 is labeled as ‘3211.1’). Edges connect
nodes when all members from the lower complexity community are present in the higher complexity community.
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B.5 Images of example synthetic communities.

Figure B.14: Example synthetic communities. Two‐member (Left), four‐member (Middle), eight‐member (Right) communities.
Each spot is inoculated with 1 uL of a 107/mL spore glycerol stock. Medium is ISP2. Images were taken after 72‐hour, 30
incubation.
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B.6 RNAseq lane allocation and relative loading amounts.

Figure B.15: Allocation of RNAseq samples across 4 Channels to obtain sufficient read depth. Four Illumina Channels were
used for sequencing, with approximately 50 Gb of sequencing data expected for each channel. Molar ratio of mixed samples
is represented by size of fragment in the donut chart, with larger molar equivalents used for more complex communities,
proportionally to give approximately the same read depth per genome. Legend gives community names, with roman numerals
denoting the number of genomes present in each community
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B.7 Mapped RNAseq reads normalized by adjusted tpm
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Figure B.16: Data is equivalent to that reported in main text Figure 1b, but normalized via adjusted tpm (transcripts per
million). The adjustment is to normalize different samples to the same total read abundance prior to coloring the plot to
control for small changes in total read depth between samples.
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B.8 Global transcription perturbation as a function of community complex-

ity

Figure B.17: The sum of square residuals (vertical axis) for plots of axenic versus community RNAseq results for each genome
in each community are plotted against community complexity (horizontal axis). Data points are color‐coded by genome ac‐
cording to the legend in the upper right and summarized by box plots.Medians between complexity levels were significantly
different (Kruskal‐Wallis, H=56.985, p=2.589e‐12). Stars above lines indicate level of significance (Dunn’s test, Bonferroni
adjusted p‐value) between medians of connected samples( *=p<0.001).
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B.9 Percent of reads classified as rRNA at each community complexity level

Figure B.18: Percent of reads classified as rRNA at each community complexity level. Data points represent percent of
reads for a single community. Data points are grouped by community complexity level and summarized by box plots. Mean
rRNA_percent between eight‐member and two‐member communities was significant (Student’s t‐test, *** p<0.0001). Differ‐
ences between all lower complexity communities was non‐significant at p<0.05.
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B.10 Supplementary note: Read-mapping is not a major source of bias

Replicate RNAseq experiments for axenic cultures were processed in different ways to identify possible artifacts in

the read-mapping pipeline that emerge frommapping reads frommultiple strains to a concatenated metagenome.

For one replicate, the isolated RNAwas kept separate from other samples during library prep, but was pooled

with samples containing different barcodes prior to sequencing. For the second replicate, RNA isolated from two

unique axenic cultures was mixed prior to library prep. This led to reads mapping to two different genomes (Fig-

ure 3.1, ‘axenic, mixed’ columns) despite the fact that the strains were grown separately. Correlation of mapped

read counts between the non-mixed axenic and the mixed axenic samples was strong (Supplementary Figure B.19).

If read-mapping from the mixed axenic RNA samples were biasing gene expression results, we would expect the

most variable expression results between the non-mixed axenic and the mixed axenic to be for genes that have a

high-sequence identity homolog in the genome of the mixed partner. This is not the case (right plots in Supple-

mentary Figure B.19, B.33), so read-mapping frommixed community strains does not appear to be a major source

of bias in our experiment.
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B.11 Comparing gene expression between axenic and artificially mixed

samples
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Figure B.19 (following page): Comparing gene expression between axenic and artificially mixed samples. Log10 expression of
each gene in the axenic (x‐axis) and artificially mixed sample (y‐axis) for all genes (left plots), and for just those with homologs
in the mixed partner genome (right plots). In right plots, dot hue denotes percent identity between that gene and the clos‐
est homolog in the genome that it was artificially mixed with prior to measuring the expression level (y‐axis). (a‐j) Different
strains, as labeled above the left plot for each subpanel.
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Figure B.19: (continued)
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B.12 High variance in gene expression in 3211.3 and 3211.5

Figure B.20: High variance in gene expression in 3211.3 and 3211.5 is due to reproducibly variant homolog genes, not noise
in measurement. Plot shows the per‐gene variance (in axenic versus artificial mixed RNAseq experiments) for 3211.3 (x‐axis)
versus that of it’s ortholog in 3211.5 (y‐axis)
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B.13 Global changes in transcription in pairwise communities.

Figure B.21: Global changes in transcription in pairwise communities. SSR for all non‐focal isolate strains when in co‐culture
with focal strains 3211.3 or 3212.2 (Left). SSR for focal isolate strains when in co‐culture with non‐focal strains (Right).
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B.14 Correlation between between DEGs and ecological factors

Figure B.22: Correlation of number of differentially expressed genes with ecological factors. Number of differentialy ex‐
pressed genes in an isolate in pairwise co‐culture compared to pairwise niche‐overlap over partner (a), partner’s pairwise
niche‐overlap over focal isolate (b), and isolation depth distance between focal and partner isolates (c). Note that in this case,
focal does not refer to only to 3211.3 or 3212.2, but rather to any of the eight isolates for which we are measuring the num‐
ber of DEGs.
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B.15 Differential BGC expression for the ten Streptomyces isolates
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Figure B.23 (following page): Differential BGC expression for strain 3211.1. Heatmap of median DESeq2‐normalized reads for
genes annotated as ‘core biosynthesis’ or ‘additional biosynthesis’ genes in each antiSMASH5.0‐identified BGC. Rows (BGCs)
are ordered by the row median expression level, with highly expressed BGCs on top. Columns (communities) are clustered
based on the pattern of BGC expression and labeled with names and species color code across the x‐axis. The bar graph at
right shows the variance across each row, with BGCs that have a variance above the arbitrary cutoff of 0.25 highlighted in
blue.
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Figure B.23: (continued)

165



Figure B.24: Differential BGC expression for strain 3211.3. Heatmap of median DESeq2‐normalized reads for genes anno‐
tated as ‘core biosynthesis’ or ‘additional biosynthesis’ genes in each antiSMASH5.0‐identified BGC. Rows (BGCs) are ordered
by the row median expression level, with highly expressed BGCs on top. Columns (communities) are clustered based on the
pattern of BGC expression and labeled with names and species color code across the x‐axis. The bar graph at right shows the
variance across each row, with BGCs that have a variance above the arbitrary cutoff of 0.25 highlighted in blue.
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Figure B.25 (following page): Differential BGC expression for strain 3211.5. Heatmap of median DESeq2‐normalized reads for
genes annotated as ‘core biosynthesis’ or ‘additional biosynthesis’ genes in each antiSMASH5.0‐identified BGC. Rows (BGCs)
are ordered by the row median expression level, with highly expressed BGCs on top. Columns (communities) are clustered
based on the pattern of BGC expression and labeled with names and species color code across the x‐axis. The bar graph at
right shows the variance across each row, with BGCs that have a variance above the arbitrary cutoff of 0.25 highlighted in
blue. Note that 3211.5 is a ’minor twin’, which specially impacts its read mapping in communities with 3211.3.
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Figure B.25: (continued)
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Figure B.26 (following page): Differential BGC expression for strain 3211.6. Heatmap of median DESeq2‐normalized reads for
genes annotated as ‘core biosynthesis’ or ‘additional biosynthesis’ genes in each antiSMASH5.0‐identified BGC. Rows (BGCs)
are ordered by the row median expression level, with highly expressed BGCs on top. Columns (communities) are clustered
based on the pattern of BGC expression and labeled with names and species color code across the x‐axis. The bar graph at
right shows the variance across each row, with BGCs that have a variance above the arbitrary cutoff of 0.25 highlighted in
blue.
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Figure B.26: (continued)
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Figure B.27: Differential BGC expression for strain 3212.2. Heatmap of median DESeq2‐normalized reads for genes anno‐
tated as ‘core biosynthesis’ or ‘additional biosynthesis’ genes in each antiSMASH5.0‐identified BGC. Rows (BGCs) are ordered
by the row median expression level, with highly expressed BGCs on top. Columns (communities) are clustered based on the
pattern of BGC expression and labeled with names and species color code across the x‐axis. The bar graph at right shows the
variance across each row, with BGCs that have a variance above the arbitrary cutoff of 0.25 highlighted in blue.
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Figure B.28: Differential BGC expression for strain 3212.3. Heatmap of median DESeq2‐normalized reads for genes anno‐
tated as ‘core biosynthesis’ or ‘additional biosynthesis’ genes in each antiSMASH5.0‐identified BGC. Rows (BGCs) are ordered
by the row median expression level, with highly expressed BGCs on top. Columns (communities) are clustered based on the
pattern of BGC expression and labeled with names and species color code across the x‐axis. The bar graph at right shows the
variance across each row, with BGCs that have a variance above the arbitrary cutoff of 0.25 highlighted in blue.
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Figure B.29: Differential BGC expression for strain 3212.4. Heatmap of median DESeq2‐normalized reads for genes anno‐
tated as ‘core biosynthesis’ or ‘additional biosynthesis’ genes in each antiSMASH5.0‐identified BGC. Rows (BGCs) are ordered
by the row median expression level, with highly expressed BGCs on top. Columns (communities) are clustered based on the
pattern of BGC expression and labeled with names and species color code across the x‐axis. The bar graph at right shows the
variance across each row, with BGCs that have a variance above the arbitrary cutoff of 0.25 highlighted in blue.
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Figure B.30 (following page): Differential BGC expression for strain 3212.5. Heatmap of median DESeq2‐normalized reads for
genes annotated as ‘core biosynthesis’ or ‘additional biosynthesis’ genes in each antiSMASH5.0‐identified BGC. Rows (BGCs)
are ordered by the row median expression level, with highly expressed BGCs on top. Columns (communities) are clustered
based on the pattern of BGC expression and labeled with names and species color code across the x‐axis. The bar graph at
right shows the variance across each row, with BGCs that have a variance above the arbitrary cutoff of 0.25 highlighted in
blue. Note that 3212.5 is a ’minor twin’, which specially impacts its read mapping in communities with 3212.4.
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Figure B.30: (continued)
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Figure B.31: Differential BGC expression for strain 3213.3. Heatmap of median DESeq2‐normalized reads for genes anno‐
tated as ‘core biosynthesis’ or ‘additional biosynthesis’ genes in each antiSMASH5.0‐identified BGC. Rows (BGCs) are ordered
by the row median expression level, with highly expressed BGCs on top. Columns (communities) are clustered based on the
pattern of BGC expression and labeled with names and species color code across the x‐axis. The bar graph at right shows the
variance across each row, with BGCs that have a variance above the arbitrary cutoff of 0.25 highlighted in blue.
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Figure B.32: Differential BGC expression for strain 3214.6. Heatmap of median DESeq2‐normalized reads for genes anno‐
tated as ‘core biosynthesis’ or ‘additional biosynthesis’ genes in each antiSMASH5.0‐identified BGC. Rows (BGCs) are ordered
by the row median expression level, with highly expressed BGCs on top. Columns (communities) are clustered based on the
pattern of BGC expression and labeled with names and species color code across the x‐axis. The bar graph at right shows the
variance across each row, with BGCs that have a variance above the arbitrary cutoff of 0.25 highlighted in blue.
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B.16 Curated high-confidence BGCs.
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B.17 RNAseq quality control information.
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Table B.11: Quality control data for RNAseq experiment.

Instrument Type Read Length
(bp) Read Count

Percent reads
greater than
Q30 average

Average Base
Quality

Insert Size
(bp)

Insert Size
Mode

Library
Name Strain Composition Community Type

HiSeq–2500 1TB 2 × 151 96803806 93.95 36.26 +-5.23 188 +-52 158 BCUTN A,B,C,E,F,G,H,I eight-member
HiSeq–2500 1TB 2 × 151 92187722 94.06 36.28 +-5.18 184 +-53 158 BCUTO A,B,C,E,F,G,H,J eight-member
HiSeq–2500 1TB 2 × 151 80247832 94.07 36.28 +-5.17 183 +-53 158 BCUTG B,C,D,E,F,G,H,I eight-member
HiSeq–2500 1TB 2 × 151 95956410 93.55 36.17 +-5.42 188 +-53 158 BCUTH A,B,C,D,E,F,G,I eight-member
HiSeq–2500 1TB 2 × 151 72522564 94.07 36.29 +-5.15 187 +-51 158 BCUTC A,B,C,D,E,F,G,H,I,J ten-member
HiSeq–2500 1TB 2 × 151 17745672 95.15 36.56 +-4.67 219 +-43 242 BCYNW B,F two-member
HiSeq–2500 1TB 2 × 151 21388510 95.37 36.62 +-4.5 210 +-44 165 BCYNS A,E,I,J four-member
HiSeq–2500 1TB 2 × 151 16042742 95.34 36.62 +-4.52 216 +-43 242 BCYOA B,E,G,J four-member
HiSeq–2500 1TB 2 × 151 19553048 95.41 36.62 +-4.59 212 +-43 207 BCYPT E,C two-member
HiSeq–2500 1TB 2 × 151 17307620 94.8 36.5 +-4.76 212 +-44 207 BCYOC E axenic
HiSeq–2500 1TB 2 × 151 15743040 94.48 36.41 +-4.92 211 +-43 165 BCYHO C,D two-member
HiSeq–2500 1TB 2 × 151 15284256 95.09 36.57 +-4.7 201 +-46 175 BCYNU B,G two-member
HiSeq–2500 1TB 2 × 151 18169290 95.29 36.63 +-4.5 212 +-43 243 BCYOZ B,C,D,J four-member
HiSeq–2500 1TB 2 × 151 21999416 95.34 36.64 +-4.5 199 +-45 165 BCYHG A axenic
HiSeq–2500 1TB 2 × 151 17017072 94.89 36.53 +-4.66 212 +-44 207 BCYNB E,I two-member
HiSeq–2500 1TB 2 × 151 19892392 95.41 36.65 +-4.49 211 +-44 207 BCYHW D,I two-member
HiSeq–2500 1TB 2 × 151 17429116 95.15 36.58 +-4.58 219 +-42 233 BCYNY F axenic
HiSeq–2500 1TB 2 × 151 19783716 95.36 36.63 +-4.51 211 +-43 216 BCYPS G axenic
HiSeq–2500 1TB 2 × 151 22178248 95.18 36.58 +-4.63 215 +-43 207 BCYNZ B,F,G,I four-member
HiSeq–2500 1TB 2 × 151 16442692 95.06 36.59 +-4.61 203 +-44 165 BCYGZ B,D two-member
HiSeq–2500 1TB 2 × 151 15649768 95.29 36.6 +-4.6 208 +-45 213 BCYHN F,G,H,I four-member
HiSeq–2500 1TB 2 × 151 19074446 95.39 36.63 +-4.5 215 +-43 207 BCYPN D,E,G,I four-member
HiSeq–2500 1TB 2 × 151 20890644 95.45 36.63 +-4.49 208 +-44 165 BCYOG A,I two-member
HiSeq–2500 1TB 2 × 151 17520046 95.08 36.55 +-4.64 215 +-43 243 BCYOW B,J two-member
HiSeq–2500 1TB 2 × 151 16315780 95.03 36.54 +-4.69 214 +-43 213 BCYPO E,H two-member
HiSeq–2500 1TB 2 × 151 19518268 94.51 36.4 +-4.99 213 +-44 207 BCYHP E,J two-member
HiSeq–2500 1TB 2 × 151 18072140 95.12 36.56 +-4.68 211 +-43 207 BCYPP E,G two-member
HiSeq–2500 1TB 2 × 151 16611992 95.12 36.56 +-4.69 209 +-44 207 BCYHZ B,I artificial_mix
HiSeq–2500 1TB 2 × 151 16913648 95.09 36.56 +-4.68 215 +-43 203 BCYOU J axenic
HiSeq–2500 1TB 2 × 151 18880498 95.06 36.54 +-4.72 214 +-43 207 BCYHH B,C,D,E four-member
HiSeq–2500 1TB 2 × 151 18313496 95.06 36.55 +-4.67 212 +-44 207 BCYPH E,D two-member
HiSeq–2500 1TB 2 × 151 20625332 94.77 36.46 +-4.84 218 +-43 255 BCYOO F,J artificial_mix
HiSeq–2500 1TB 2 × 151 18418550 95.16 36.57 +-4.73 205 +-46 243 BCYHC B axenic
HiSeq–2500 1TB 2 × 151 13775902 94.74 36.5 +-4.78 204 +-44 165 BCYHS A,B,C,J four-member
HiSeq–2500 1TB 2 × 151 16621540 94.92 36.52 +-4.75 214 +-43 223 BCYNG B,H two-member
HiSeq–2500 1TB 2 × 151 15693470 94.89 36.52 +-4.74 211 +-44 165 BCYNP A,E,F,I four-member
HiSeq–2500 1TB 2 × 151 21237540 95.09 36.52 +-4.76 215 +-43 224 BCYOT E,A two-member
HiSeq–2500 1TB 2 × 151 22842010 94.67 36.45 +-4.85 220 +-43 255 BCYNA I axenic
HiSeq–2500 1TB 2 × 151 18440260 94.72 36.44 +-4.95 209 +-44 207 BCYNT E,G,H,J four-member
HiSeq–2500 1TB 2 × 151 20756406 95.02 36.52 +-4.77 217 +-42 207 BCYPG E,F two-member
HiSeq–2500 1TB 2 × 151 17037204 95.09 36.55 +-4.68 211 +-43 207 BCYOY B,I two-member
HiSeq–2000 1TB 2 × 151 25531936 92.5 35.91 +-5.48 220 +-42 242 BCYNH D axenic
HiSeq–2000 1TB 2 × 151 24365958 92.73 35.96 +-5.48 212 +-43 207 BCYPB B,E,F,H four-member
HiSeq–2000 1TB 2 × 151 23375470 92.29 35.9 +-5.56 213 +-43 207 BCYNO C axenic
HiSeq–2000 1TB 2 × 151 28523566 92.98 36.02 +-5.35 216 +-42 216 BCYNC H axenic
HiSeq–2000 1TB 2 × 151 25304504 92.61 35.94 +-5.46 221 +-42 243 BCYOH A,B,D,E four-member
HiSeq–2000 1TB 2 × 151 23843578 92.43 35.92 +-5.52 215 +-42 213 BCYHY F,H two-member
HiSeq–2000 1TB 2 × 151 22070200 92.24 35.87 +-5.68 194 +-45 165 BCYHB B,A two-member
HiSeq–2000 1TB 2 × 151 23409842 93.13 36.07 +-5.3 212 +-43 207 BCYOB B,D,E,G four-member
HiSeq–2000 1TB 2 × 151 20279708 92.3 35.9 +-5.52 211 +-43 207 BCYHX C,E artificial_mix
HiSeq–2000 1TB 2 × 151 24847918 92.92 36.02 +-5.29 214 +-43 165 BCYOP A,B,E,F four-member
HiSeq–2000 1TB 2 × 151 29463066 92.64 35.95 +-5.46 216 +-42 217 BCYOS G,H two-member
HiSeq–2000 1TB 2 × 151 21183650 92.97 36.03 +-5.34 205 +-45 187 BCYPA D,H artificial_mix
HiSeq–2000 1TB 2 × 151 26833476 92.03 35.79 +-5.69 221 +-41 243 BCYOX B,D,G,I four-member
HiSeq–2000 1TB 2 × 151 19346058 92.81 36.01 +-5.36 208 +-44 207 BCYPC B,E,G,I four-member
HiSeq–2000 1TB 2 × 151 22325996 92.45 35.93 +-5.49 212 +-44 207 BCYNX B,E two-member
HiSeq–2000 1TB 2 × 151 22851880 92.52 35.92 +-5.49 205 +-44 165 BCYHU A,B,C,E four-member
HiSeq–2000 1TB 2 × 151 21910994 92.05 35.83 +-5.65 210 +-43 165 BCYON A,G artificial_mix
HiSeq–2000 1TB 2 × 151 22150068 92.63 35.96 +-5.47 206 +-45 207 BCYHA B,C two-member

Strain legend for community composition column: 3211.1 (A), 3211.3 (B), 3211.5 (C), 3211.6
(D), 3212.2 (E), 3212.3 (F), 3212.4 (G), 3212.5 (H), 3213.3 (I), 3214.6 (J)
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B.18 Lack of correlation between gene expression variance and gene

homology

Figure B.33: Measured variance in gene expression is not explained by reads mapping to homologous sequences in other
genomes. The per‐gene variance is plotted as a function of the percent identity with the closest homolog in the genome
to which it was paired/mixed for RNAseq and read mapping. Only genes with a homolog of greater than 60% identity are
plotted.
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B.19 Differentially expressed primary metabolic genes from 3211.3 and 3212.2

in response to co-culture with 3212.4 and 3212.5

Table B.12: Streptomyces sp. 3211.3 primary metabolic DEGs.

Gene ID Gene Product Name Direction

Ga0334680_111231 tryptophan halogenase Dn

Ga0334680_111349 deoxyribodipyrimidine photo-lyase type I Dn

Ga0334680_111456 urease subunit beta Dn

Ga0334680_111457 urease subunit gamma Dn

Ga0334680_111480 alkaline phosphatase D Dn

Ga0334680_111777 glycerophosphoryl diester phosphodiesterase Dn

Ga0334680_111778 1-acyl-sn-glycerol-3-phosphate acyltransferase Dn

Ga0334680_112423 glutamine synthetase Dn

Ga0334680_112673 nitrite reductase (NADH) large subunit Dn

Ga0334680_112674 nitrite reductase (NADH) small subunit Dn

Ga0334680_112683 aryl-alcohol dehydrogenase-like predicted oxidoreductase Up

Ga0334680_11284 2-dehydropantoate 2-reductase Up

Ga0334680_113040 [SSU ribosomal protein S5P]-alanine acetyltransferase Dn

Ga0334680_113041 uroporphyrinogen-III synthase Dn

Ga0334680_113591 two-component system sensor histidine kinase SenX3 Dn

Ga0334680_113632 5’-nucleotidase Up

Ga0334680_113634 polyphosphate kinase Dn

Ga0334680_113639 phosphate ABC transporter ATP-binding protein (PhoT family) Dn

Ga0334680_113772 gluconolactonase Up

Ga0334680_11386 cellulose synthase (UDP-forming) Up

Ga0334680_113985 methionyl-tRNA synthetase Dn

Ga0334680_114025 ring-1,2-phenylacetyl-CoA epoxidase subunit PaaC Dn
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Table B.12: Streptomyces sp. 3213.3 gene clusters.

Gene ID Gene Product Name Direction

Ga0334680_114027 ring-1,2-phenylacetyl-CoA epoxidase subunit PaaA Dn

Ga0334680_11410 p-hydroxybenzoate 3-monooxygenase Dn

Ga0334680_114312 lysyl-tRNA synthetase class 2 Dn

Ga0334680_11448 methyltransferase family protein Up

Ga0334680_114752 glycosyltransferase involved in cell wall biosynthesis Dn

Ga0334680_114754 sialic acid synthase SpsE Dn

Ga0334680_114807 acetolactate synthase-1/2/3 large subunit Up

Ga0334680_114812
ribonucleotide reductase beta subunit family

protein with ferritin-like domain
Up

Ga0334680_114813 3-oxoacyl-[acyl-carrier-protein] synthase II Up

Ga0334680_114815 enoyl-[acyl-carrier-protein] reductase [NADH] Up

Ga0334680_114857
cellulose synthase/poly-beta-1,6-N-acetylglucosamine

synthase-like glycosyltransferase
Dn

Ga0334680_115503 UTP–GlnB (protein PII) uridylyltransferase GlnD Dn

Ga0334680_115836 anthraniloyl-CoAmonooxygenase Up

Ga0334680_115988 ribosome biogenesis GTPase Up

Ga0334680_116102 two-component system sensor histidine kinase UhpB Up

Ga0334680_116547 D-inositol-3-phosphate glycosyltransferase Dn

Ga0334680_116566 hypothetical protein Dn

Ga0334680_116596 succinate dehydrogenase subunit B Dn

Ga0334680_11710 D-alanyl-D-alanine carboxypeptidase Up

Ga0334680_117143 tyrosinase Dn

Ga0334680_117360 D-alanyl-D-alanine carboxypeptidase Dn

Ga0334680_117439 3-phytase Dn

Ga0334680_11771 ferredoxin–NADP+ reductase Up
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Table B.12: Streptomyces sp. 3213.3 gene clusters.

Gene ID Gene Product Name Direction

Ga0334680_11996 acetyl-CoA synthetase Dn

Ga0334680_11997 pyruvate dehydrogenase E1 component alpha subunit Dn
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Table B.13: Streptomyces sp. 3212.2 primary metabolic DEGs.

Gene ID Gene Product Name Direction

Ga0181101_0010 aldehyde dehydrogenase (NAD+) Up

Ga0181101_0230 glyceraldehyde-3-phosphate dehydrogenase (NAD+) Up

Ga0181101_0535 glycine cleavage systemH protein Dn

Ga0181101_10000 glyceraldehyde 3-phosphate dehydrogenase Up

Ga0181101_10209 3-oxoacyl-[acyl-carrier-protein] synthase III Dn

Ga0181101_10213 long-chain acyl-CoA synthetase Dn

Ga0181101_1137 alcohol dehydrogenase Dn

Ga0181101_1146 pyruvate phosphate dikinase Dn

Ga0181101_1152 menaquinone-dependent protoporphyrinogen oxidase Dn

Ga0181101_1158 glyceraldehyde 3-phosphate dehydrogenase Dn

Ga0181101_1526 putative N-acetyltransferase (TIGR04045 family) Dn

Ga0181101_2997 carbon-monoxide dehydrogenase small subunit Dn

Ga0181101_3280 NADPH-dependent sulfite reductase flavoprotein alpha-component Dn

Ga0181101_3340 NitT/TauT family transport system substrate-binding protein Up

Ga0181101_3793 ABC-2 type transport system permease protein Up

Ga0181101_3794 ABC-2 type transport system ATP-binding protein Up

Ga0181101_3837 methylmalonyl-CoAmutase /isobutyryl-CoAmutase large subunit Up

Ga0181101_4031 catalase Up

Ga0181101_4416 peptide/nickel transport system substrate-binding protein Dn

Ga0181101_4625 Zn-dependent protease with chaperone function Dn

Ga0181101_5036 putative serine esterase DUF676 Dn

Ga0181101_5639 ABC-2 type transport system ATP-binding protein Up

Ga0181101_5670 GTP cyclohydrolase II Up

Ga0181101_6441 NNP family nitrate/nitrite transporter-like MFS transporter Dn

Ga0181101_6442 uroporphyrinogen-III synthase Dn
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Table B.13: Streptomyces sp. 3212.2 gene clusters.

Gene ID Gene Product Name Direction

Ga0181101_6468 DNA-binding IclR family transcriptional regulator Up

Ga0181101_6479 4-hydroxyphenylpyruvate dioxygenase Up

Ga0181101_7002 zinc transport system substrate-binding protein Up

Ga0181101_7043 assimilatory nitrite reductase (NAD(P)H) large subunit precursor Dn

Ga0181101_7117 carbohydrate ABC transporter substrate-binding protein (CUT1 family) Dn

Ga0181101_7146 3-oxoacyl-[acyl-carrier-protein] synthase II Dn

Ga0181101_7148 3-oxoacyl-[acyl-carrier-protein] synthase III Dn

Ga0181101_7149 [acyl-carrier-protein] S-malonyltransferase Dn

Ga0181101_7344 oleandomycin transport system permease protein Up

Ga0181101_7345 oleandomycin transport system ATP-binding protein Up

Ga0181101_8382 ABC-2 type transport system permease protein Up

Ga0181101_8383 ABC-2 type transport system ATP-binding protein Up

Ga0181101_8586 acetyl-CoA acyltransferase Up

Ga0181101_9443 urea ABC transporter ATP-binding protein Dn

Ga0181101_9444 urea ABC transporter ATP-binding protein Dn

Ga0181101_9445 urea ABC transporter membrane protein Dn

Ga0181101_9446 urea ABC transporter membrane protein Dn

Ga0181101_9447 urea-binding protein Dn

Ga0181101_9508 tyrosinase Up
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B.20 Identification of pirin-like homologues and fur homologues in 3211.3

and 3212.2

The ’genome blast’ tool available on the Joint Genome Institute IMG-ER website was used to find homologues of

the pirin-like pirA and fur. Four query sequences for pirAwere selected from the Streptomyces ambofaciensATCC

23877 genome assembly (NCBI accession: GCF_001267885.1). One fur homologue (SCLAV_3199 (NCBI

accession: EFG08270.1) (132)) was used. BLASTp was used to query against the 3211.3 and 3212.2 genomes.

pirA query sequences:

>WP_053127613.1 pirin family protein [Streptomyces ambofaciens]

MSNVETNPVAVRCGPAADAGPPDTAPRVEVLAPRDVPLGGPRAMTVRRTLPQRSRTLIGAWCFADHYGPDDVARTGGMDVAPHP

HTGLQTVSWLFSGEIEHRDSLGSHAHVRPGELNLMTGGHGISHTEVSTPRTTVLHGVQLWVALPGEHRNAPRDFQHHVPEPVSV

DGAEIRVFLGSLAGSTSPVATFSPLLGAEIALAPGATVTLDVPAFEHGLLVDRGEVGMAGTPLRPADLGFLDAGSDTLTLVNAA

DTPARAVLIGGTPFDEEIVMWWNFIGRSHEDIVRARTDWQNASDRFGAVEGYPGDRLPAPALPNGALTPRGNPPRR

>WP_053134172.1 pirin family protein [Streptomyces ambofaciens]

MPAVTVENPLTLPRVSASADAVARPVLTVTTAPSGFEGEGFPVRRAFAGINYRHLDPFIMMDQMGEVEYAPGEPKGTPWHPHRG

FETVTYIIDGIFDHQDSNGGGGTITNGDTQWMTAGSGLLHIEAPPEQLVMSGGLFHGLQLWVNLPAKDKMMAPRYQDIRSGSVQ

LLTSPDGGALLRVIAGELDGHDGPGITHTPITMVHATLAPGAEVTLPWREDFNGLAYVMAGRGSVGAERRPIHLGQTAVFGAGG

SLTVRADDKQDAHTPDLEVVLLGGQPIREPMAHYGPFVMNTKDELMQAFEDFQKGRLGTVPAVHGMSAAGPEA

>WP_053140539.1 pirin family protein [Streptomyces ambofaciens]

MSNLDREAVPSLCGGRGFVVAEPVRELLSPRQVRLGESTEVRRLLPNLGRRMVGAWCFVDHYGPDDIADEPGMQVPPHPHMGLQ

TVSWLHEGEVLHRDSTGSLQTIRPRQLGLMTSGHAISHSEESPRSHARHLHGAQLWVALPDAHRHTDPHFEFHAELPRVTAPGL

TATVLLGSLDGTTSPGTTYTPLVGADLSLTAGTDVRLPLERDFEYAVLSMSGEAHVDGVPLVPGSMLYLGCGRGELPLRADSDA

DLMLLGGEPFEEELIMFWNWIGRSQEEIVQARRDWTEGTRFGEVKGYDGAPLAAPELPAVPLKPRGRAR
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>WP_053142372.1 pirin family protein [Streptomyces ambofaciens]

MDVRRADERFPGGDPAAGIVSRHAFSFGPHYDPDNLRFGALLACNEERLAPGAGFDEHPHSHTEIVTWVVEGELTHRDTAGHET

VVRAGDVQRLSSAAGVRHVERNDGPAPLTFVQMWLAPLTPGGDPAYEIVHGIADSTPYAVPEAGAMFHVRRLAAGERTAVPDGA

YVYVHVVRGEVTLGGETLGAGDAARVTDADALDAVAVTRAEVLLWEMGGQ

fur query sequence:

>EFG08270.1 Putative ferric uptake regulatory protein [Streptomyces clavuligerus]

MPPAPCGPGARLRRLPTLGYVVSTDWKSDLRQRGYRLTPQRQLVLEAVDALDHATPDDILCEVRRTASGVNISTVYRTLELLEEL

GLVSHTHLGHGAPTYHLADRHHHIHLVCRDCTDVIETDVDFAADFTAKLRETFGFDTDLKHFAIFGRCQGCTSSRTDRADRTDQA

DRAERRDGPDGTDRVARPAAPSASGASRAPGASTSGS
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Table B.14: Pirin homologues in Streptomyces sp. 3211.3 and Streptomyces sp. 3212.2

Gene ID Gene Product Name Genome Name COG COG Description
Ga0334680_112617 hypothetical protein Streptomyces sp. 3211.3 COG1741 Redox-sensitive bicupin YhaK, pirin superfamily
Ga0334680_114081 hypothetical protein Streptomyces sp. 3211.3 COG1741 Redox-sensitive bicupin YhaK, pirin superfamily
Ga0334680_116632 hypothetical protein Streptomyces sp. 3211.3 COG1741 Redox-sensitive bicupin YhaK, pirin superfamily
Ga0181101_0882 hypothetical protein Streptomyces sp. 3212.2 COG1741 Redox-sensitive bicupin YhaK, pirin superfamily
Ga0181101_1828 hypothetical protein Streptomyces sp. 3212.2 COG1741 Redox-sensitive bicupin YhaK, pirin superfamily
Ga0181101_5334 hypothetical protein Streptomyces sp. 3212.2 COG1741 Redox-sensitive bicupin YhaK, pirin superfamily
Ga0181101_7151 hypothetical protein Streptomyces sp. 3212.2 COG1741 Redox-sensitive bicupin YhaK, pirin superfamily

Table B.15: Fur homologues in Streptomyces sp. 3211.3 and Streptomyces sp. 3212.2

Gene ID Gene Product Name Genome Name COG COG Description
Ga0334680_112690 Fur family zinc uptake regulator Streptomyces sp. 3211.3 COG0735 Fe2+ or Zn2+ uptake regulation protein
Ga0334680_113611 Fur family nickel uptake regulator Streptomyces sp. 3211.3 COG0735 Fe2+ or Zn2+ uptake regulation protein
Ga0334680_115082 Fur family ferric uptake transcriptional regulator Streptomyces sp. 3211.3 COG0735 Fe2+ or Zn2+ uptake regulation protein
Ga0334680_11643 Fur family ferric uptake transcriptional regulator Streptomyces sp. 3211.3 COG0735 Fe2+ or Zn2+ uptake regulation protein
Ga0334680_117451 Fur family ferric uptake transcriptional regulator Streptomyces sp. 3211.3 COG0735 Fe2+ or Zn2+ uptake regulation protein
Ga0181101_5757 Fur family nickel uptake regulator Streptomyces sp. 3212.2 COG0735 Fe2+ or Zn2+ uptake regulation protein
Ga0181101_6999 Fur family zinc uptake regulator Streptomyces sp. 3212.2 COG0735 Fe2+ or Zn2+ uptake regulation protein
Ga0181101_8610 Fur family ferric uptake transcriptional regulator Streptomyces sp. 3212.2 COG0735 Fe2+ or Zn2+ uptake regulation protein
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B.21 Hierarchical clustering of primary metabolic genes with pirin-like

homologues or fur homologues in 3211.3 and 3212.2
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Figure B.34 (following page): Hierarchical clustering of primary metabolic genes and pirin‐like homologues in 3212.2. Hierar‐
chical clustering of primary metabolic genes and pirin‐like homologues in 3212.2. Heatmap shows log2 fold change in gene
expression of primary metabolic genes and putative pirin‐like homologues from 3212.2 (filled black circles). A single pirin‐like
gene (open black circle) clusters with a subset of the primary metabolic genes.
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Figure B.34: (continued)
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Figure B.35 (following page): Hierarchical clustering of primary metabolic genes and pirin‐like homologues in 3211.3. Heatmap
shows log2 fold change in gene expression of primary metabolic genes and putative pirin‐like homologues from 3211.3 (filled
black circles).
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Figure B.35: (continued)
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Figure B.36 (following page): Hierarchical clustering of primary metabolic genes and fur homologues in 3211.3. Hierarchical
clustering of primary metabolic genes and fur homologues in 3211.3. Heatmap shows log2 fold change in gene expression of
primary metabolic genes and putative fur homologues from 3211.3 (filled black circles). A single fur gene (open black circle)
clusters with a subset of the primary metabolic genes.
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Figure B.36: (continued)
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Figure B.37 (following page): Hierarchical clustering of primary metabolic genes and fur homologues in 3212.2. Hierarchical
clustering of primary metabolic genes and fur homologues in 3212.2. Heatmap shows log2 fold change in gene expression of
primary metabolic genes and putative fur homologues from 3212.2 (filled black circles).
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Figure B.37: (continued)
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Appendix C

Supplemental materials for SimulationModeling to Compare

High-Throughput, Low-Iteration Optimization Strategies for

Metabolic Engineering

C.1 Code availability

All code described in the text is available at https://github.com/smanskiLab/pathway_optimization
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