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INTRODUCTION
Crohn’s disease and microbial imbalance

Inflammatory bowel disease, which includes Crohn’s disease (CD) and ulcerative colitis, afflicts more than
3 million adults in the United States [1]. The prevalence of CD continues to rise, with more than 33,000 new U.S.
cases per year [2]. Characterized by incurable, chronic inflammation, CD can affect any part of the gastrointestinal
(GI) tract and most commonly manifests in the ileum. Its severity is unarguable: debilitating abdominal pain, rectal
bleeding, persistent diarrhea, abscesses, and intestinal blockage comprise the most common symptoms [2-5]. Apart
from these indicators, gut dysbiosis is also linked to CD onset [3-10].

Numerous studies have investigated the significant microbial alterations occurring in the GI tract and fecal
matter of CD patients [6-10]. At the phylum level, the abundance of pathogenic Proteobacteria has been shown to
increase almost four-fold in afflicted individuals, as compared to healthy patients. Commensal Bacteroidetes
decreased more than two-fold in CD patients [9]. Several other reports demonstrate a substantial reduction in the
abundance of commensal microbes spanning not only the Bacteroidetes but also the Firmicutes and Actinobacteria
phyla. The reduced species, many of which produce short-chain fatty acids (SCFAs), include Blautia obeum,
Bacteroides uniformis, Odoribacter splanchnicus, Akkermansia muciniphila, Roseburia inulinivorans, Eubacterium
rectale, Enterocloster lavalensis, and Faecalibacterium prausnitzii [11]. Consistent with the decreases in these
bacteria, SCFA levels become reduced as a whole during CD [9, 11].

Short-chain fatty acids (SCFAs)

SCFAs, namely propionate, butyrate, and acetate, are normally synthesized through various pathways
encoded by specific genes. In the succinate pathways, for instance, methylmalonyl-CoA carboxyltransferase
catalyzes the decarboxylation of methylmalonyl-CoA to propionyl-CoA, which is then reduced to propionate [12-
14]. In the butyrate kinase pathway, moreover, butyryl-CoA is phosphorylated to produce butyryl-phosphate, a step
catalyzed by phosphate butyryltransferase (encoded by the ptb gene) [15-16]. This butyryl-phosphate product can
then be transformed to butyrate via the kinase (encoded by buk). Acetate is formed through a similar two-step
pathway, where acetyl-CoA is converted to acetyl phosphate (with action from phosphate
acetyltransferase/phosphotransacetylase, encoded by pta) and subsequently reduced to acetate via acetate kinase
(encoded by the ack4 gene). Besides the well-known ptb, buk, pta, and ackA genes, thioesterase genes like fadM,
menl, tesA, tesB, ybgC, yciA, entH, menl, tesA, tesB, ybgC, ybhC, and yigl have also been shown to contribute to
acetate and butyrate formation [17]. Regardless of the encoding gene or biosynthesis pathway taken, the presence of
SCFAs in the gut microbiome is vital for intestinal health.

Microbiota-derived butyrate, in particular, serves as the primary energy source for intestinal epithelial cells
(IECs), and its production is necessary for normal colonic metabolism [16]. Butyrate and propionate have
demonstrated immunomodulatory effects as well. Both molecules engender the induction and proliferation of
colonic regulatory T cells (cTregs), especially cTregs producing Foxp3 and interleukin-10 (/L-10); these are essential
for ¢Treg anti-inflammatory function and consequent limiting of inflammation [18-19]. Butyrate and other SCFAs
inhibit the activity of histone deacetylase (HDAC) enzymes, which typically repress the transcription of crucial
genes in inflamed colonocytes [20-21]. Through the activation of G protein-coupled receptors (GPCRs) within IECs,
SCFAs also inhibit NF-kB activation, effectively regulating, and in some cases hindering, pro-inflammatory
cytokines (Figure 1). On the whole, SCFAs take on many functions in the gut, simultaneously promoting intestinal
homeostasis and regulating inflammation [11]. Hence, the decline in microbial SCFA production during CD is a
subject of much concern. The value of SCFAs to human health cannot be understated, and their drastic change in
abundance during CD calls for advancements in microbiome-targeting treatments.
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Figure 1. Short-chain fatty acid (SCFA) functions within the intestinal epithelial cell IEC). SCFAs demonstrate anti-
inflammatory effects through several mechanisms, including histone deacetylase (HDAC) inhibition. SCFAs also suppress pro-
inflammatory cytokines (TNF-alpha, IL-6, and IL-12) through inhibition of NF-«kB via G-protein coupled receptors (GPCRs).



Methods of microbial intervention

With increasing evidence linking gut dysbiosis to CD onset, microbiota-based therapies are of considerable
importance. Yet, the impacts of current therapeutics on SCFA production are unknown. Their beneficial effects,
moreover, prove impermanent. The use of common antibiotics poses risks of emerging communal resistance,
reduction in microbial diversity, and infection by C. difficile [3-4]. In addition, fecal microbiota transplantation
(FMT; a newly introduced option previously used to treat recurrent C. difficile infection and currently being tested in
clinical trials) has induced remission, but this effect has not been sustained. Side effects such as vomiting, high
fever, and inflammatory marker elevation have also been reported; the introduction of pathogenic microbes and the
potential for bacterial translocation remain concerns as well [21]. Ultimately, the insertion of foreign bacteria has
shown to be problematic. Instead of integrating whole bacteria into the gut flora to produce desired changes, this
study proposes another solution: the integration of engineered mobile genetic elements [21].

Mid-biotics have the potential to revolutionize CD treatment. Allowing for the genetic engineering of
native gut bacteria and entire bacterial systems, engineered plasmids are the optimal choice for promoting various
microbial functionalities. Specifically, plasmids can be used to introduce or remove genes from entire microbial
communities. Their broad host range and autonomous transfer capabilities provide a clear advantage in this sense
[21]. In contrast to FMT, mid-biotics offer a long-term remedy, as conjugative plasmids can undergo genomic
amelioration to ensure permanent maintenance [21-22]. Such a treatment can mimic the beneficial effects of other
therapeutics, including FMT, without the associated risks and disadvantages. This study aims to determine the
optimal target bacteria and vectors for the induction of community-wide functional changes and promotion of SCFA
synthesis.

PURPOSE

The most common treatments for CD do not directly address the diminished production of SCFAs, which
are indispensable for healthy intestinal function. It is thus plausible that the nonpermanent or harmful nature of these
therapeutics results from disregard for, or even exacerbation of, SCFA decreases. On the other hand, the beneficial
results achieved using therapeutics may result from induced increases in SCFA production. In order to fully
understand clinical results, these therapies must be evaluated from the perspective of microbial metabolic
changes. Given that FMT has effectively induced remission (though mostly temporarily) in past studies, and that
SCFAs are vital to intestinal health, I predict that FMT promotes the growth of SCFA-synthesizers and returns
SCFA production pathway abundances to healthy levels.

Overall, this study aims to evaluate the effect of FMT on bacterial taxonomy and metabolic processes,
specifically in terms of SCFA production, via Quantitative Insights Into Microbial Ecology (QIIME 2) and
Phylogenetic Investigation of Communities by Reconstruction of Unobserved States (PICRUSt2) analyses.

Most importantly, this project aims to provide the basis for a novel treatment option that directly influences
SCFA levels in the gut, using the mid-biotics approach. The main objectives in this regard are to 1) establish target
gut bacteria through analysis of genomic similarity to SCFA-producing taxa, via the Standard Nucleotide Basic
Local Alignment Search Tool (BLAST), and 2) identify the most favorable plasmids through analysis of genomic
signature distance between plasmids and select target bacterial chromosomes, via R-based Mahalanobis analysis.

METHODS
16S rRNA sequence data

[llumina MiSeq data was downloaded in the FASTQ file format from the Sequence Read Archive (SRA;
https://www.ncbi.nlm.nih.gov/sra). To investigate the impact of FMT on patient microbiota, raw sequence reads
(SRA accession number: SRP272340; 16S rRNA V4-VS5 paired reads extracted from the stool) were acquired for
CD patients at baseline (n = 42; untreated control), the same patients 3 months after undergoing transplantation (n =
42), and healthy patients (n = 42; overall control). All CD patients were over 10 years old and had been diagnosed
for at least 6 months prior to the study [23]. The healthy patient population, moreover, consisted of both transplant
donors and general volunteers.

Quantitative Insights Into Microbial Ecology (QIIME 2) analysis

The Quantitative Insights Into Microbial Ecology (QIIME 2) microbiome analysis package was used to
assign taxonomy to the downloaded patient sequences. First, the raw sequence reads corresponding to each sample
were imported into the QIIME 2 terminal environment in the manifest text file format. The paired sequence reads
were then filtered based on quality score [24]. Specifically, the data was denoised with the Divisive Amplicon
Denoising Algorithm (DADA?2), which was used to truncate all forward reads at position 293 and all reverse reads at
position 268. The first 20 base pairs were also trimmed off all sequences, and the forward and reverse reads were



then joined. This allowed for the generation of a representative feature table, along with high-quality, denoised
representative sequences. Thereafter, taxonomy was assigned to these sequences using the Greengenes 13_8 Naive
Bayes classifier (pre-trained on full-length sequences) within the g2-feature-classifier plugin [25-26].

To visualize the taxonomic differences among comparison groups, genus-level and species-level heatmaps
were generated with the qiime2R and tidyverse R plugins. The ANCOM package in QIIME 2 was used to identify
features exhibiting differential abundance among the three patient groups [27]. Taxa were considered significantly
differentially abundant when the “reject null hypothesis” output was TRUE. Higher W values also indicated more
significant differences in abundance between the three patient groups.

In addition to multivariate analysis, pairwise differential abundance was also determined, using ALDEx2
(q2-aldex2 plugin) in QIIME. Before analysis via ALDEx2, the previously generated feature table was filtered to
produce three separate tables with only two patient groups each: FMT-treated CD and healthy, healthy and untreated
CD, and untreated and FMT-treated CD patients. The three feature tables were then separately analyzed using the
full ALDEX2 pipeline, yielding values for the difference between conditions, dispersion, effect size, and Welch’s
t/Wilcoxon rank test statistics. Differential abundance was considered statistically significant when p < 0.05.

Phylogenetic Investigation of Communities by Reconstruction of Unobserved States (PICRUSt2) analysis

The Phylogenetic Investigation of Communities by Reconstruction of Unobserved States (PICRUSt2)
program allowed for predictive analysis of the abundances of metabolic pathways and functional KEGG orthologs
per sample. First, the high-quality representative sequences obtained as QIIME 2 outputs were imported into the
PICRUSt2 terminal environment [28]. Using the full PICRUSt2 pipeline, the sample amplicon sequence variants
(ASVs) were first placed in a phylogenetic reference tree upon their alignment with reference 16S sequences. As
part of the hidden state prediction process, the nearest-sequenced taxon index values and the copy number of all
Kyoto Encyclopedia of Genes and Genomes (KEGG) Ortholog (KO) values were predicted for each ASV.
Metagenome predictions were generated using the inferenced copy numbers, as well as the ASV read depths.
Finally, KO number quantities were regrouped to MetaCyc database reactions, and MetaCyc pathway abundances
were thereby inferred.

Data profiling via MicrobiomeAnalyst

The abundance of these pathways and corresponding KOs were further investigated using
MicrobiomeAnalyst, a web-based tool for metagenomic analysis [29-30]. Features with low counts and low variance
were first filtered out of the data using default parameters (minimum count = 4; prevalence filter = 20%; cutoff
variance percentage = 10%, based on inter-quartile range). The data was also normalized through centered log-ratio
transformation.

Once the filtered and normalized data was obtained, the globaltest algorithm was utilized to test for
associations between functional categories and the experimental factor (patient type), simultaneously producing a
network visualization of the KO abundance table [31]. Besides pathway enrichment analysis, statistical testing was
also done through the metagenomeSeq algorithm [32], which performed a zero-inflated Gaussian fit on the data, as
well as through analysis of variance (ANOVA). KO features were identified as exhibiting significant differential
abundance when p < 0.05. Accordingly, significant features were extracted, and their filtered and log-transformed
abundance counts were visualized in box and whisker plots.

Determination of target host bacteria

The untreated CD patient representative sequences acquired through the QIIME 2 pipeline were also
imported into Standard Nucleotide Basic Local Alignment Search Tool (BLAST, an online bioinformatics tool that
compares nucleotide sequences and calculates the statistical significance of sequence matches) and searched against
the 16S rRNA sequences of the previously mentioned SCFA-synthesizing species [33]. The BLAST algorithm was
used to align the experimental sequences to those of the SCFA-producing taxa and generate an expected number of
chance alignments value (E-value) for each match. Alignment was considered significant when E < 0.001, and when
percent identity was between 85% and 99%. (Taxonomic features with percent identity greater than 99% were
excluded to prevent the selection of naturally SCFA-synthesizing bacteria as targets for vector insertion). CD patient
features with significant matches to SCFA-producers were selected as the desired bacterial targets. BLAST was
again used to match the features to taxa in the RefSeq Representative genomes (refseq representative genomes)
database to obtain complete genomes for these mid-biotic targets.

To confirm the BLAST alignment results, a phylogenetic tree was constructed using Molecular
Evolutionary Genetics Analysis (MEGA X) software [34-35]. First, 16S rRNA sequences for both the SCFA-
synthesizing species and the selected mid-biotic target bacteria were imported into the MEGA graphical user



interface from the NCBI GenBank database. All sequences were aligned using the Multiple Sequence Comparison
by Log-Expectation (MUSCLE) algorithm with default parameters [36]. Pairwise evolutionary distances between
sequences were estimated using the p-distance model, which defines distance as the proportion of nucleotide sites at
which two sequences differ [37]. To compute each p-distance, the number of nucleotide site differences was divided
by the total number of nucleotide sites compared (Equation 1):

P =ng/n

where nq represents the number of nucleotide site differences and » represents the total number of nucleotides
compared. Phylogeny was inferred based on the p-value calculations, via the neighbor-joining method.

Identification of optimal plasmids via Mahalanobis distance calculations

As successfully demonstrated by Tokuda et al. [38], the dinucleotide (2-mer) compositions of the target
host bacteria were compared with those of select plasmids (n = 92; plasmids were included from 13 incompatibility
groups, and sequences were downloaded from the GenBank database within NCBI; accession numbers were
provided by Suzuki et al. [39]) in R. The dinucleotide composition was given by a vector consisting of 16
dinucleotide relative abundance values (x;7). To compute each dinucleotide relative abundance value, the observed
dinucleotide frequency was divided by the expected dinucleotide frequency (Equation 2):

fij
xi]' =

NG

where fj represents the frequency of the dinucleotide #j, f; represents the frequency of the mononucleotide i (i € A,
C, G, T), frepresents the frequency of the mononucleotide j (j € A, C, G, T), and the product of f; and f; gives the
expected dinucleotide frequency.

The dissimilarity in 2-mer compositions was then measured through Mahalanobis distance (D?)
calculations [39]. Specifically, each plasmid sequence (n = 92) was compared with a set of 5-kb segments from each
bacterial chromosomal sequence (n = 13). The following formula was used to compute the distance between each
plasmid and target host bacterium (Equation 3):

D=X-7)TS(X-7)

where X represents the vector of the plasmid’s dinucleotide relative abundance values, ¥ represents the mean vector
of dinucleotide relative abundance values for the 5-kb bacterial chromosomal segments, S represents the inverse
variance-covariance matrix of the bacterial dinucleotide relative abundance values, and 7 represents the
transposition operator. Lower D’ values indicated less difference in genomic signature composition and thus higher
genetic similarity.

For each Mahalanobis distance value, a P value (ranging from 0 to 1) was also provided. P values closest to
1 indicated significantly small Mahalanobis distances and thus significantly similar 2-mer compositions. In this
study, plasmids with P > 0.50 were considered significantly close in genomic signature to target host bacteria; these
plasmids were selected as the most advantageous vectors.

RESULTS & DISCUSSION
Taxonomic analysis

The abundance of taxa present within patient samples was determined in QIIME 2 and analyzed with the
ANCOM test in the g2-composition plugin. Multiple known SCFA-producing species, namely Butyricicoccus
pullicaecorum (ANCOM W = 235), Faecalibacterium prausnitzii (W = 297), and Bacteroides uniformis (W = 229),
significantly varied among patient groups (FMT-treated, healthy, and untreated). The genera Roseburia (W = 199),
Faecalibacterium (W = 197), Ruminococcus (W = 180), Bifidobacterium (W = 154), Anaerostipes (W = 175),
Coprococcus (W = 180), and Streptococcus (W = 265), which all consist of SCFA-producing species, were also
significantly differentially abundant. That is to say, the ANCOM “reject null hypothesis” output was TRUE for all
aforementioned taxa.

These results were consistent with the heatmap plots of both genus (Fig. 2A) and species (Fig. 2B)
abundances.
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Figure 2. Heatmaps of taxa observed within the patient groups. Relative abundance of A) genera and B) species is shown for

each sample, with yellow indicating highest abundance and dark blue indicating the lowest.

For instance, Coprococcus, Ruminococcus, Faecalibacterium, and Butyricicoccus were substantially reduced in the
untreated CD patient group as compared to both the FMT-treated and healthy groups (Fig. 2A). FMT-treated
patients, meanwhile, achieved abundance levels of these genera similar to those seen in healthy patients.
Furthermore, Bacteroides was highly abundant in the FMT-treated group, with an overall abundance relatively equal
to, and even greater than, that in the healthy group (and clearly greater than the untreated CD group). At the species
level, Butyricicoccus pullicaecorum, Gemmiger formicilis, Faecalibacterium prausnitzii, and Bacteroides uniformis
were considerably more abundant in healthy and FMT-treated patients than in untreated patients (Fig. 2B). Again,
the abundances of these SCFA-producers in the FMT-treated group were comparable to those in the healthy group,
demonstrating the efficacy of FMT in promoting the growth of SCFA-synthesizing taxa in CD patients.

In addition to multivariate analysis, pairwise comparisons of relative taxonomic abundance were made
between all patient groups. Specifically, the ALDEx2 QIIME 2 plugin was used to conduct the Welch’s t and
Wilcoxon rank tests on the following paired groups: FMT-treated vs. healthy, healthy vs. untreated, and FMT-

treated vs. untreated.
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Figure 3. Pairwise comparison of the relative abundance of taxa in FMT-treated and healthy patients. A) A volcano plot
was constructed using the Welch’s t test and differential abundance results generated through ALDEX analysis. The x-axis shows
the binary logarithm of the ALDEX difference output for each taxon, while the y-axis demonstrates the negative common
logarithm of the Welch’s t test p-value. Features were considered significantly differentially abundant when p < 0.05. Significant
taxonomic features are highlighted in red. B) The centered log-ratio transformed abundance of the significantly differentially
abundant taxonomic feature, Faecalibacterium prausnitzii, was calculated and plotted for each patient group.

As shown in Fig. 3A and Fig. 3B, Faecalibacterium prausnitzii was the only observed taxonomic feature (out of
3,279 total) that significantly differed in relative abundance between the FMT-treated and healthy patient groups (p
< 0.001). Although the relative abundance of this butyrate-producer was reduced in FMT-treated patients in
comparison to healthy controls (Fig. 3B), all other species (including SCFA-synthesizing ones) were at similar
abundances in the two groups (Fig. 3A).

In contrast to the FMT-treated vs. healthy pairing, comparison of the healthy and untreated CD groups
showed a larger number of significantly differentially abundant taxa, namely Faecalibacterium prausnitzii (here
corresponding to two different Greengenes-classified features), Gemmiger formicilis, and features within the
Enterobacteriaceae family (Fig. 4A).
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Similar to the FMT-treated patient group, levels of Faecalibacterium prausnitzii were significantly lower in the
untreated group than in the healthy group (Fig. 4B, Fig. 4C; p <0.001). However, while in the FMT-treated group
the relative abundance of Faecalibacterium prausnitzii was greater than 0, with several outlier values between 5 and
10 (Fig. 4B), the relative abundance in the untreated group was merely 0 (Fig. 4B, Fig. 4C). The relative abundance
of Enterobacteriaceae, on the other hand, was substantially greater in the untreated CD group than in the healthy
group (Fig. 4D; p < 0.001). Conversely, Gemmiger formicilis was highly diminished in untreated CD patients (Fig.
4E; p<0.001).

Gemmiger formicilis also exhibited differential abundance upon comparison of the FMT-treated and
untreated patient groups (Fig. SA). As shown in Fig. 5B, the abundance of this SCFA-fermenter significantly
increased after FMT treatment (p < 0.05).
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Figure 5. Pairwise comparison of the relative abundance of taxa in FMT-treated and untreated CD patients. A) A volcano
plot was constructed using the ALDEX analysis outputs. Features were considered significantly differentially abundant when the
Welch’s t test p-value was less than 0.05. Significant taxonomic features are highlighted in red. The centered log-ratio
transformed abundance of the significant taxonomic feature, B) Gemmiger formicilis, was then calculated for the two patient
groups and visualized in a bar plot.

Interestingly, while significant differential abundance was not directly observed for many features (indeed only one)
between the untreated and FMT-treated groups, there was still more taxonomic similarity between the FMT-treated
group and healthy group than between the untreated CD group and healthy group (with only one differentially
abundant taxon in the former comparison, and four differentially abundant taxonomic features in the latter). This
indicates that the microbiota in CD patients post-FMT treatment was significantly altered to the point of more
closely resembling the microbiota of healthy patients.

Functional analysis

Metabolic pathway and KO abundances were predicted using the full PICRUSt2 pipeline and statistically
analyzed through Shotgun Data Profiling in MicrobiomeAnalyst. Functional association analysis was conducted
with the globaltest algorithm, revealing that the “fatty acid biosynthesis” functional category was significantly
associated with patient type (p < 0.001), with 19 total KO hits (Fig. 6).
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Figure 6. Visualization of the metabolic network observed in the experimental samples. The pathways (catalyzed by the
aforementioned 19 KEGG ortholog hits) corresponding to the fatty acid biosynthesis functional category are highlighted in
yellow.

The metagenomeSeq algorithm, moreover, was used to analyze orthologs for differential abundance across patient
groups. Over 50 significant features were identified, including phosphate butyryltransferase (K00634),
methylmalonyl-CoA carboxyltransferase (K17489), phosphate acetyltransferase (K00625), putative
phosphotransacetylase (K15024), and acetate kinase (K00925).

The median filtered count of phosphate butyryltransferase in particular was significantly greater in FMT-
treated and healthy patients than in their untreated CD counterparts (Fig. 7; p < 0.01).
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Figure 7. Phosphate butyryltransferase (K00634) abundance in the untreated CD, FMT-treated CD, and healthy patient
groups. The first box and whisker plot illustrates the filtered abundance counts of phosphate butyryltransferase in the patient
groups, while the second plot shows centered log-ratio transformed abundance counts of this KEGG ortholog.

Although the maximum filtered and log-transformed phosphate butyryltransferase abundance values were relatively
similar across all patient groups, the FMT-treated and healthy groups exhibited the highest minimum values.
Overall, the FMT-treated group displayed great similarity to the healthy group in terms of phosphate
butyryltransferase abundance. FMT treatment induced a relative increase in phosphate butyryltransferase that
paralleled healthy levels. Given that phosphate butyryltransferase is a major catalyst of the two-step butyrate
production process, the discussed data evidences FMT’s efficacy in promoting biosynthesis of SCFAs, particularly
butyrate.
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The effects of FMT extend past just butyrate biosynthesis: methylmalonyl-CoA carboxyltransferase, an
important catalyst of propionate production via the succinate pathway, was also differentially abundant across the
patient groups (Fig. 8; p<0.001).
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Figure 8. Methylmalonyl-CoA carboxyltransferase (K17489) abundance in the untreated CD, FMT-treated CD, and
healthy patient groups. The first box and whisker plot illustrates the filtered abundance counts of methylmalonyl-CoA
carboxyltransferase in the patient groups, while the second plot shows the centered log-ratio transformed abundance counts of
this KEGG ortholog.

The filtered and log-transformed abundance counts of methylmalonyl-CoA carboxyltransferase in the untreated
patient group were so small as to be practically negligible. Compared to those that were untreated, patients post-
FMT possessed a markedly greater median abundance (as well as upper quartile) that was also close to the
abundance observed in healthy patients. The spread of the log-transformed data for the FMT-treated and healthy
groups overlapped almost completely, indicating high similarity. On the whole, these comparisons highlight the
ability of FMT to return methylmalonyl-CoA carboxyltransferase abundance in patients to healthy levels, thus
actively fostering propionate biosynthesis.

Besides butyrate and propionate biosynthesis, moreover, enzymes involved in acetate production also
exhibited differential abundance. The median log-transformed abundance count of phosphate acetyltransferase, for
instance, was greater in CD patients after FMT treatment than at baseline (Fig. 9A; p < 0.05). The same can be said
for the minimum abundance counts, which were substantially higher in healthy and FMT-treated patients than in
untreated ones. Unsurprisingly, the abundance of putative phosphotransacetylase was also highest in the healthy
group, followed by the FMT-treated and untreated CD patient groups (Fig. 9B; p < 0.01). At the same time,
however, the mean filtered and log-transformed—as well as minimum and lower quartile filtered—abundance
counts of putative phosphotransacetylase were markedly higher in the FMT-treated patient group than the untreated
one, signifying that FMT treatment raised the abundance of this enzyme to healthier levels. This was also the case
for acetate kinase, which displayed a significantly higher median abundance in healthy and FMT-treated CD
patients, compared to CD patients before treatment (Fig. 9C; p < 0.05).
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Figure 9. Relative abundance of enzymes involved in acetate production. Box and whisker plots were generated for the
filtered and the centered log-ratio transformed abundance counts of A) phosphate acetyltransferase (K00625), B) putative
phosphotransacetylase (K15024), and C) acetate kinase (K00925).
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Again, it is important to note that phosphate acetyltransferase, putative phosphotransacetylase, and acetate kinase are
key players in acetate generation. The former two enzymes catalyze the conversion of acetyl-CoA to acetyl-
phosphate, while the latter catalyzes the conversion of acetyl-phosphate to acetate, so these molecules are crucial to
acetate biosynthesis via this two-step pathway. Because FMT treatment has increased the abundance of these
enzymes in CD patients to levels similar to those in healthy patients, it can be concluded that FMT effectively
contributes to the stimulation of acetate synthesis.

Identification of target bacteria

To determine the optimal mid-biotics target bacteria, BLAST was used to match CD patient taxa sequences
with those of common SCFA-producing bacteria based on percent identity. 15 taxonomic features significantly
overlapped with SCFA-synthesizing taxa (Table 1). All percent identities for features matched with R. inulinivorans,
F. prausnitzii, E. lavalensis, B. obeum, B. uniformis, and A. halii were greater than 90% (E < 0.001), indicating
extremely high similarity. Meanwhile, the feature matched with 4. muciniphila reached percent identities of nearly
80% (E < 0.001) and was also considered significantly similar, along with the features corresponding to O.
splanchnicus (Percent identity > 85%; E < 0.001).

Table 1. Percent identity calculated for each experimental taxonomic feature and SCFA-producing bacterium match. All
matches were considered statistically significant, with Expect (E) values less than 0.001. NCBI accession numbers are included
for the 16S rRNA sequences of the SCFA-producing bacteria.

SCFA-producing Bacterium  CD Patient Taxonomic Feature Percent Identity (%)

L 8301430ab3908fb88d8c7cala0lf75ca  95.81
Roseburia inulinivorans

NR_042007.1 1ba658aa97b650d4885b4c43f81b30a  94.62

Odoribacter splanchnicus e8d3boddelebff8221e3615535a44d03  85.33

NR_044636.1 70¢3042£27b12¢5bdd7ed72868¢31d75  85.15

. . ... 4508db76db9b760c7£337017¢3958fb7 92.93
Faecalibacterium prausnitzii

NR_028961.1 5ed705d508¢fb5eb472f0e5c78099188  92.88

. 18b4cbb0c4ce87¢9b963dd2060319¢c2e  96.56
Enterocloster lavalensis

NR_044289.1 47b420e563a419876£59612971b751fc ~ 96.54

. 19bc8104e65eb659¢41976721c95¢354 97.04
Blautia obeum

NR_118692.1 ¢4862a567c6cfe59c80675ab7e1b4c90  96.02

. . . 9fd6e830887ac7ea2be5884f89d5¢b17  96.8
Bacteroides uniformis

NR_040866.1 a10ef0cf2d7341calbe3d78a4607d5  97.29

. .. 8ff919bd64fda87d6184ada9tbbeal 75  92.59
Anaerobutyricum halii

NR_118673.1 a1b294¢73190116be49¢2206608d36b  91.22

Akkermansia muciniphila

NR_042817.1 b37b720cd8d125fa1599885da27d735a  76.94

Because of their high genomic similarity to naturally SCFA-producing bacteria, the outlined taxonomic
features were deemed optimal mid-biotic targets for the promotion of SCFA production. Accordingly, these features
were aligned with taxa in the RefSeq Representative genomes database to acquire whole genome sequences. All
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features were matched with one or more taxa at percent identities of at least 85%, and all matches were statistically

significant (E < 0.001; Table 2).

Table 2. Percent identity calculated for each target feature and representative taxon. All matches were considered
statistically significant, with Expect (E) values less than 0.001. The RefSeq database accession number is included for each

representative taxon.

Mid-biotic Target Feature Representative Taxon Percent RefSeq Acc. No.
Identity
(%0)*

I 8301430ab3908fb88d8c7cala0lf75ca  Coprococcus phoceensis 95.01 INZiFNWCOI 000007.1
1ba65f8aa97b650d4885b4c43f81b30a  Lachnoclostridium edouardi  92.74 NZ OESQ01000001.1
e8d3b6ddelebff8221e3615535a44d03  Culturomica massiliensis 85.15 NZ LT594621.1
70c3042127b12e5bdd7ed72868e¢31d75  Culturomica massiliensis 85.75 NZ LT594621.1
4508db76db9b760c7f337017e3958fb7  Pygmaiobacter massiliensis ~ 94.24 NZ OAML01000003.1
5ed705d508cfb5eb4720e5¢78099188  Massilioclostridium coli 90.77 NZ FMIZ01000007.1
18b4cbb0c4ce87¢9b963dd2060319c2e  Enterocloster bolteae 100 NZ CP022464.2
47b420e5632419876159612971b751fc  Massilistercora timonensis ~ 94.68 NZ LT990039.1
19bc8104e65eb659¢4197672£c95¢354  Enterocloster aldenensis 93.30 NZ _QSGP01000008.1
e4862a567e¢6cfe59c80675ab7e1b4c90  Blautia producta 95.24 NZ CP039126.1
9fd6e830887ac7ea2be5884f89d5cbl7  Phocaeicola dorei 97.07 NZ LR699004.1
al0ef0cfff2d7341ealbe3d78a4607d5 Bacteroides oleiciplenus 98.10 NZ CABKRNO010000006.1
8ff919bd64fda87d6184ada9fb6eal 75  Faecalimonas umbilicata 91.05 NZ BHEO001000002.1
alb294e731e90116be49¢2206608d36b  Lachnoclostridium edouardi  92.02 NZ OESQ01000001.1
b37b720cd8d125fa1599885da27d735a  Desnuesiella massiliensis 92.76 NZ L.N879455.1

The representative species (n = 13) were not natural SCFA-producers; however, they were commonly from the same
orders or classes as the SCFA-producers in Table 1, which may explain their high percent identity to members of

this group.

This high genetic similarity between the representative species and the SCFA-producing species was also
observed through phylogenetic analysis in MEGA X. For instance, as shown in Figure 10, E. lavalensis, an SCFA-
producing species, was significantly phylogenetically close to one of its representative BLAST matches (as
mentioned above), E. bolteae (p-distance = 0.030). Although not a match through BLAST, E. aldenensis was also
significantly close to E. lavalensis, most likely due to their shared genus (p-distance = 0.033; Figure 10).
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Figure 10. Evolutionary relationships of the representative species and the SCFA-producing species. Evolutionary
distances between the bacteria (n = 21) were calculated using the p-distance method in MEGA X. A neighbor-joining
phylogenetic tree was thereafter constructed, with branch lengths drawn to scale in the p-distance units (number of base
differences per site; indicated by the scale bar). The representative species (mid-biotic target host bacteria) are highlighted in red.

Other representative species were highly close to SCFA-synthesizers as well, though to a slightly lesser extent than
that observed with E. lavalensis: B. oleiciplenus and B. uniformis (p-distance = 0.056), C. phoceensis and R.
inulinivorans (p-distance = 0.061), L. edouardi and R. inulinivorans (p-distance = 0.062), B. producta and B. obeum
(p-distance = 0.071), and E. aldenensis and B. obeum (p-distance = 0.080), P. dorei and B. uniformis (p-distance =
0.089), and F. umbilicata and A. halii (p-distance = 0.091) constituted the most genetically similar pairs. The p-
distance values of all remaining pairs were less than 0.140 (with the exception of D. massiliensis and A. muciniphila
[p-distance = 0.216]), indicating relatively high phylogenetic closeness.

Overall, the representative species (n = 13; displayed in Table 2) were established as the target hosts for
plasmid insertion, due to their current lack of SCFA production capabilities and, most importantly, highly significant
genetic similarity to SCFA-producing bacteria, which is crucial for heterologous gene transfer. Indeed, bacterial
hosts tend to homogenize the genomic signature of genetic elements replicating within them, largely due to host-
specific mutational biases. This inevitable genome amelioration, combined with the exchange of DNA via
recombination and transposition, results in similar nucleotide compositions between plasmids and their evolutionary
hosts over time. These genetic changes in the plasmid and adaptation with the host reduce the genetic element’s
fitness costs [40]. Accordingly, the concept of genome amelioration can be applied to the aforementioned results. It
is more likely that the chosen plasmids (which, in future testing, will be engineered with genes required for SCFA
synthesis; mentioned in the next section) will replicate within their host and exhibit maintenance within the bacterial
community if their host has a similar genomic composition. Of course, SCFA-producing bacteria contain the genes
encoding SCFA synthesis with which the plasmid will be engineered, and are thus inherently similar. The non-
SCFA-producing bacteria, then, (which must be genetically engineered for SCFA synthesis functionality and are
thus the targets of mid-biotics) that are most similar to SCFA-synthesizers will be the optimal targets for plasmid
insertion. In other words, because these selected target bacteria are genetically similar to SCFA-synthesizers, they
will also likely share genomic similarities with the chosen vectors. On the whole, this will minimize fitness costs
and ensure compatibility.
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Identification of optimal plasmids

The most favorable plasmids for communal introduction were determined through Mahalanobis distance
analysis in R. Those with the smallest genomic distance from target bacterial DNA were considered the most
advantageous. For context, Mahalanobis distances ranged from approximately 2.51 (this lowest value shown in
Table 3) to over 200,000, and P values ranged from 0 to 0.96 (this highest value shown in Table 3 as well). Out of
the 92 plasmids tested, 8 showed high genomic similarity to target bacteria, namely R27, R478, pAPEC-O1-R,
pMAKI, pK29, pHCMI1, pRA1, and pEC-IMP (Table 3). The Mahalanobis distances calculated for all pairs
outlined below were less than 10 (and the P value for all matches was greater than or equal to 0.50), indicating high
similarity. From these 8 plasmids, R27 was most similar to a target bacterium (Bacteroides oleiciplenus), exhibiting
the smallest Mahalanobis distance of 2.51 and P value closest to 1 (P = 0.96). The next smallest distance (D’ =
3.77) and highest P value (P = 0.85) was exhibited by R478 in its match with Bacteroides oleiciplenus.

Table 3. Mahalanobis distance calculations for each genetically similar plasmid-target bacterium pair.

Plasmid Genetically Similar Target Bacteria Mabhalanobis P value
Distance
I T 1
Bacteroides oleiciplenus 2.51 0.96
R27
Phocaceicola dorei 3.78 0.79
Bacteroides oleiciplenus 3.77 0.85
R478
Phocaceicola dorei 6.28 0.50
pAPEC-O1-R  Bacteroides oleiciplenus 4.37 0.76
pPMAK1 Bacteroides oleiciplenus 4.54 0.75
pK29 Bacteroides oleiciplenus 4.75 0.75
pHCM1 Bacteroides oleiciplenus 5.60 0.70
pRA1 Enterocloster aldenensis 7.52 0.51
pEC-IMP Bacteroides oleiciplenus 7.94 0.50

R27 and R478 were thus regarded as the most favorable plasmids for promotion of SCFA production, especially in
Bacteroides oleiciplenus and Phocacicola dorei, their closest matching target bacteria.

Interestingly, in a previous study, the fatty acid biosynthesis pathway in E. coli (which does not natively
produce butyrate) was engineered for effective butyric acid production via thioesterases (TesAT, TesBF, and
TesBT) [41]. The authors successfully cloned the genes for these thioesterases in pUC57 and pZS21MCS plasmids,
commonly used vectors in E. coli and usually isolated from E. coli strain DH5a. It must be noted that all plasmids in
Table 3 have evolutionary hosts within the Enterobacteriales family; the known host of the pAPEC-O1-R plasmid,
moreover, is E. coli itself [39]. Thus, the previous efficacy (in terms of promoting SCFA formation) of plasmid
vectors specific to E. coli may point to the future effectiveness of the chosen plasmids in Table 3.

CONCLUSION

Overall, the findings of this study have several implications. First, FMT was shown to promote the growth
of SCFA-synthesizing bacteria in CD patients and prompt increases in abundance of enzymes such as phosphate
butyryltransferase (K00634), methylmalonyl-CoA carboxyltransferase (K17489), phosphate acetyltransferase
(K00625), putative phosphotransacetylase (K15024), and acetate kinase (K00925), which are essential for the
microbial production of butyrate, propionate, and acetate. This is in keeping with the results of past studies, where
FMT therapy has increased acetate, butyrate, and propionate levels in C. difficile-infected patients to a point of
SCFA recovery [42-44].
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As for the mid-biotics approach, Coprococcus phoceensis, Lachnoclostridium edouardi, Culturomica
massiliensis, Pygmaiobacter massiliensis, Massilioclostridium coli, Enterocloster bolteae, Massilistercora
timonensis, Enterocloster aldenensis, Blautia producta, Phocaeicola dorei, Bacteroides oleiciplenus, Faecalimonas
umbilicate, Lachnoclostridium edouardi, and Desnuesiella massiliensis were deemed the target bacteria as a result
of their high genomic similarity to SCFA-producing taxa. Meanwhile, the plasmids R27, R478, pAPEC-O1-R,
pMAKI1, pK29, pHCM1, pRA1, and pEC-IMP were closest in genomic signature to the target bacteria, making
these plasmids the most suitable vectors for SCFA synthesis genes.

Future investigations include wet-lab testing to ascertain the effectiveness of the chosen plasmids in terms
of compatibility, maintenance within the gut microbiota, and plasmid-host evolution. This can be achieved through
in vitro experimentation with the target hosts and other gut bacteria in minimal media. Plasmid-host interactions can
also be studied with ex vivo models using stool samples, intestinal tissue, or intestinal organoids/enteroids. Other
potential ex vivo tools include the Ussing chamber, which, consisting of apical and basolateral sides covered with
electrodes, has been used to examine microbial metabolite production, as well as gut-on-a-chip microfluidic devices,
which have been used to evaluate anti-inflammatory probiotics [45]. In the context of mid-biotics research, the
technologies can potentially be utilized to study the effect of plasmid introduction on community-wide SCFA
biosynthesis.

Ultimately, the results of this study support the effectiveness of FMT as a non-permanent therapy for CD.
The data also provide new insight into the effects of FMT on metabolic pathway and KEGG ortholog abundances
and overall host functional profile, specifically in terms of SCFA synthesis pathways. Indeed, FMT-induced
remission can potentially be monitored by tracking phosphate butyryltransferase, methylmalonyl-CoA
carboxyltransferase, phosphate acetyltransferase, putative phosphotransacetylase, and acetate kinase abundance over
time, allowing for relapse prediction and, as a result, improved patient outcome. With regards to procedure, this
project introduced novel methods for the analysis of FMT’s efficacy in terms of SCFA synthesis. While most studies
have determined changes in SCFA production through wet-lab measurements of concentration via gas
chromatography [43, 46-47], this study shifted the focus to predictive analysis of taxonomy (to quantify SCFA-
producing taxa) and functional orthologs (to quantify catalysts of SCFA production). By using predictive programs,
rather than wet-lab techniques, in the manner outlined above, scientists can study SCFA production in a more
convenient, cost- and time-efficient manner.

Finally, besides the novel approach to studying SCFA changes, this project provides a novel model for CD
treatment via mid-biotics. This mid-biotics system can potentially be developed into an ingestible capsule, much like
that used for probiotics, to deliver the aforementioned plasmids (to be engineered with genes—such as ptb, buk, pta,
ackA, yciA, entH, menl, etc.—conferring SCFA production capabilities to target bacterial hosts) directly to the
patient’s intestinal microflora. Such a therapy has the potential to induce permanent remission and allow for CD
patients to reap myriad benefits without having to undergo surgery or other invasive procedures. In other words,
mid-biotics treatment could induce increases in SCFA synthesis in CD patients, like FMT has here been shown to
accomplish, without the adverse effects and impermanence associated with FMT. On the whole, this line of study
has the potential to aid millions in combating CD.
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