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Abstract
Background  Indole-3-acetic acid (IAA) is a crucial plant hormone for growth and 
development. Among bacteria capable of IAA synthesis, tryptophan-dependent 
pathways are the primary pathway for IAA production. Identifying IAA-producing 
bacteria is essential for understanding plant–microbe interactions and developing 
sustainable agricultural practices. With the advancements in sequencing technologies 
which enable the acquisition of genomic data in a short amount of time at a reduced 
cost. This study developed a probabilistic framework to predict the likelihood of IAA 
synthesis in bacteria using their genomes, which offers a cost-effective screening 
approach compared to traditional wet-lab methods.

Results  The prediction framework incorporates four tryptophan-dependent pathways 
and consists of two models. The Binary Model provides a binary prediction of IAA 
synthesis, and the Logistic Model ranks bacteria based on their synthesis potential. The 
models were validated against a comprehensive dataset of more than 15,000 bacterial 
genomes, and the results suggest that only 1.7% of the bacteria have the potential 
to synthesize IAA. The most promising phyla are Actinobacteria, Proteobacteria, and 
Firmicutes. The Logistic Model shows that the top-ranked genera include Streptomyces, 
Paraburkholderia, Nonomuraea, Rhodococcus, and Nocardia. The model also suggests 
that the potential for IAA synthesis is likely to be strain-specific, emphasizing the 
importance of analyzing individual strains within a genus.

Conclusion  The proposed probabilistic prediction framework is a cost-effective 
in-silico approach for identifying bacteria with a high potential for IAA synthesis. This 
serves as a pre-screening tool for resource-intensive downstream wet-lab validation, 
significantly reducing the time and effort required to identify potential plant growth-
promoting bacteria. Furthermore, the model can be customized for other pathways 
of interest, and making it a versatile framework to explore various bacterial metabolic 
processes. The source code of the model is freely available at ​h​t​t​p​s​:​​/​/​g​i​t​​h​u​b​.​c​o​​m​/​C​o​​m​p​
u​t​a​​t​i​o​n​a​​l​A​g​r​o​n​​o​m​y​/​​b​c​p​i​p
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Introduction
With the advancements in next-generation sequencing technology, a large amount of 
genomic data is available at a relatively low cost. Genome annotation and analysis of 
these sequences provide valuable information on the functional potential of organisms. 
By integrating this knowledge into the biological modeling framework, researchers are 
able to decode the information stored in the genome sequences.

Auxin, a type of plant hormone, plays an essential role in plant development. It gov-
erns cell growth, tropic response, tissue differentiation, and organ architecture and pat-
terning [1, 2]. Among the various compounds with auxin activities, one important native 
and major form of auxin in plants is indole-3-acetic acid (IAA) [3]. IAA is synthesized 
using the amino acid tryptophan (Trp) as a precursor. Although Trp-independent path-
ways for IAA production have been suggested in several studies [4, 5], the underlying 
mechanisms have not yet been elucidated with solid evidence. The production of IAA 
is not exclusive to plants, some genera of bacteria are also capable of synthesizing IAA, 
including Agrobacterium, Azospirillum, Pseudomonas, Xanthomonas, and Rhizobium 
[6]. However, the production of IAA in bacteria does not guarantee a positive role in 
promoting plant growth. The phytopathogenic properties of Agrobacterium spp. and 
Pseudomonas savastanoi pv. savastanoi were well known and characterized [7, 8]. Their 
infection causes tumor and gall formation, which results from the disrupted IAA level 
near the infection sites.

Plant growth-promoting rhizobacteria (PGPR) are a group of bacteria that are found 
in the rhizosphere and possess the ability to promote plant growth [9]. One of the key 
mechanisms underlying the growth-promoting effects of PGPR is its capacity to synthe-
size and secrete IAA. The acquisition of additional IAA by plants from bacterial sources 
can lead to an increase in root surface area and root length, subsequently enhanc-
ing nutrient and water uptake [10, 11]. With the global population continuing to rise, 
improving crop yields and establishing sustainable agricultural practices have become 
primary objectives. Researchers have been utilizing IAA-producing PGPR strains as bio-
stimulants to boost crop productivity and promote sustainable agricultural practices [12, 
13].

There are four major Trp-dependent pathways for IAA synthesis have been described, 
along with a few minor pathways made up of rare enzymes that only exist in certain 
species [6, 14]. The pathways are often named after the key intermediate of each path-
way. The first pathway is the indole-3-acetamide (IAM) pathway. The presence of the 
IAM pathway was found in plant pathogens such as Pseudomonas syringae pv. savas-
tanoi, Agrobacterium tumefaciens, as well as nitrogen-fixing bacteria such as Rhizobium 
spp. and Bradyrhizobium spp. [15–17]. The second pathway, the indole-3-pyruvate 
(IPA) pathway, is a major pathway for plants to synthesize IAA, especially via a two-
step conversion. This pathway was also detected in soil-dwelling bacteria Azospirillum 
brasilense, Azospirillum lipoferum, and Enterobacter cloacae [18–20]. The third pathway, 
the tryptamine (TAM) pathway, is a three-step conversion from Trp to IAA. Although 
this pathway was reported to be abundant in many plants and fungi, little research has 
been done on bacteria [21]. The fourth pathway is the indole-3-acetonitrile (IAN) path-
way. Most studies on the IAN pathway have focused on higher plants, and only a few 
research studies in bacteria have been reported [21]. These include Pseudomonas syrin-
gae pv. syringae reported by Howden et al. [22] and the IAN-specific nitrilase identified 
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in Alcaligenes faecalis [23]. A schematic diagram for all four Trp-dependent pathways 
is shown in Fig. 1. The location of these genes varies depending on the species. Species 
such as Azospirillum brasilense and Bacillus amyloliquefaciens have these genes located 
in chromosomes [24, 25]. Genes located in plasmids are found in several species, includ-
ing Agrobacterium tumefaciens and Pseudomonas savastanoi [26, 27]. These IAA genes 
located in plasmids might facilitate horizontal gene transfer (HGT) to different bacterial 
species throughout evolutionary history [28, 29].

The publicly accessible databases on NCBI offer a huge amount of genomic data. 
Zhang et al. [30] conducted a large-scale genomic analysis on five phyla of bacteria. They 
predicted the genes in the genomes and determined whether these bacteria possess the 
enzymes in the IAA pathway. This study concluded that 82.2% of the bacteria have the 
potential to synthesize IAA from intermediates, 18.5% of the bacteria can de novo syn-
thesize IAA from Trp, and around 45% of bacteria exhibit multiple coexisting pathways. 
Their results show that the existence of the enzymes in the IAA pathway is quite com-
mon in bacteria. However, the relative potential of the bacteria to synthesize IAA was 
not analyzed in their study. With the additional genomic data accumulated over the 
years, we are now able to screen a large number of bacterial genomes and estimate the 
potential for IAA synthesis in each bacterial strain.

In this study, we developed a probabilistic framework to predict the potential for 
IAA synthesis in bacteria based on the enzymes in the IAA pathway. The framework 
estimated a score that denotes the likelihood of the IAA synthesis activities. By rank-
ing these scores in descending order, bacteria with high scores are more likely to have 
the potential to de novo synthesize IAA via the Trp-dependent pathways. The proposed 
probabilistic framework provides an efficient in-silico screening method for bacterial 
strains with potential for IAA synthesis.

Fig. 1  Trp-dependent IAA pathways. Chemical compounds are represented by rectangle boxes (referred to as 
nodes). Abbreviations are given under the full name of each chemical compound. Enzymes are represented by 
arrows (referred to as edges). In the Trp-dependent pathways, indole-3-acetic acid (IAA) is synthesized from tryp-
tophan (Trp). Four major pathways: 1) indole-3-acetamide (IAM) pathway, 2) indole-3-pyruvic acid (IPA) pathway, 3) 
tryptamine (TAM) pathway, and 4) indole-3-acetonitrile (IAN) pathway are included in this graph
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Methods
Genome collection and functional annotation

This study included 15,377 bacterial genomes from 5 prevailing phyla in soil and rhi-
zosphere environments. The selection of these five phyla (Pseudomonadota, Bacillota, 
Actinomycetota, Bacteroidota, and Acidobacteriota) was based on previous studies of 
their importance in agricultural systems and potential for IAA production [31–34]. Pre-
vious large-scale genomic analysis demonstrated that rhizobacteria from these phyla 
had high potential to synthesize IAA [30]. In addition, extensive experimental evidence 
shows IAA production rates ranging from 16.7% to 83% among isolates from these 
groups [35–37]. All available reference genomes from these five phyla were retrieved 
from NCBI (​h​t​t​p​s​:​​/​/​w​w​w​​.​n​c​b​i​.​​n​l​m​.​​n​i​h​.​g​o​v​/​d​a​t​a​s​e​t​s​/​g​e​n​o​m​e​/) at the time of analysis 
to ensure comprehensive coverage of agriculturally relevant bacteria with IAA produc-
tion potential. Only reference genomes (RefSeq, the representative sequence of a spe-
cies) were included in this study to maintain data quality and avoid redundancy [38]. 
The number of genomes from each phylum is summarized in Table 1. All the accession 
numbers of these reference genomes are available in Additional File 2.

The protein-coding genes for each genome were predicted by Prodigal v2.6.3 [39] with 
default parameters, and the predicted coding sequences were converted to amino acid 
sequences using genetic code described by NCBI (Code 11: The Bacterial, Archaeal and 
Plant Plastid Code). The putative amino acid sequences were then annotated using Dia-
mond v2.0.15 with the blastp mode [40], which uses an amino acid sequence as input 
to query against a custom curated IAA database and default parameters. The custom 
curated IAA database contained protein entries retrieved from UniProtKB/Swiss-
Prot [41], which comprises manually annotated protein sequences. The protein entries 
related to the IAA pathway were collected by searching the corresponding EC numbers 
provided in the tryptophan metabolism pathway (map00380, Tryptophan metabolism) 
in the KEGG pathway database [42]. The EC numbers and keywords used for searching 
UniProtKB/Swiss-Prot and the collected entries are listed in Table S1 in Additional File 
1 and Additional File 3. The alignment results from Diamond were filtered using query 
coverage ≥ 50% which is based on thresholds established from previous IAA pathway 
genomics studies [30]. This coverage criterion was specifically chosen to ensure substan-
tial overlap with functional domains and reduce false positive annotations from short, 
high-identity matches that may not encompass critical catalytic regions. If a protein 
matches to multiple sequences in the database, only the highest-scoring hit is retained 
for subsequent pathway analysis. The BLAST-based functional annotations support 
transfer of the first three EC digits (general reaction type) but not the fourth digit (sub-
strate specificity), which is consistent with established sequence similarity thresholds 
for functional annotation transfer. While this approach may not be the most precise, it 

Table 1  The number of genomes from five phyla
Phylum (synonym) Number of genomes
Acidobacteriota (Acidobacteria) 50

Actinomycetota (Actinobacteria) 3430

Bacteroidota (Bacteroidetes) 1938

Bacillota (Firmicutes) 3020

Pseudomonadota (Proteobacteria) 6937

https://www.ncbi.nlm.nih.gov/datasets/genome/
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provides a reasonable balance between accuracy and computational efficiency for path-
way-level predictions.

Prediction framework using the biological pathway

A directed acyclic graph was constructed to represent the IAA pathway. The graph 
defines each chemical compound as a node, enzymes that catalyze the same conver-
sion of the compounds as an edge, and the reaction direction towards the product as 
the direction of the edge. The overall structure is equivalent to the Trp-dependent IAA 
pathways in Fig. 1. The best hits retained in the last section were mapped to the edges of 
the IAA pathway graph and scores were assigned to the edges to denote the likelihood of 
the corresponding enzyme to be able to catalyze the conversion.

The score determination is hierarchical and takes three steps, which are summarized 
in Box 1. In the first step, a score is calculated from each hit and is referred to as “hit 
score”. The second step calculates the edge scores from hit scores. The third step calcu-
lates the node scores for the prediction framework.

Step 1: Hit score calculation

This prediction framework has two different models of hit scores, the Binary Model and 
the Logistic Model. Both models use the percentage of identity from the Diamond align-
ment output to calculate hit scores, which range from 0 to 100. The hit score Hi for an 
alignment hit i are calculated as follows for these two models:

Hit scores–binary model

Hi =
{ 1, if percentage of identity ≥ 40

0, otherwise � (1)

where xi is the percentage of identity of hit i, and t is the threshold for the percentage of 
identity which is set to 40 because of the biological reasoning that 40% identity is a rule 
of thumb to determine whether two enzymes have similar functions [43].

Hit scores–logistic model

Hi = 1
1 + exp

(
− 1

k (xi − x0)
) � (2)

where xi is the percentage of identity of hit i, x0 is the percentage of identity to be set as 
the midpoint, and k is the steepness of the sigmoid curve. This is equivalent to a logistic 
function with two parameters k and x0 to adjust the steepness and translation of the 
function. The hit score produced is between 0 and 1 as a characteristic of the logistic 
function. The value of x0 is set to 40 using the same reasoning as the Binary model.

In order to investigate the effect of the steepness parameter k, a range of values 
from 1 to 100 was tested, with k = 1 representing the steepest curve and k = 100 repre-
senting the flattest curve. As k approaches zero, the Logistic Model is reduced to the 
Binary Model. The resulting logistic curves for different k values are shown in Fig.  2. 
Our analysis showed that if k is chosen to be 10, the hit score is mainly contributed by 
the high-identity alignment hits. This conveys the biological concept that a single high-
identity alignment hit is more likely to perform the expected function in close associa-
tion with the known enzyme than multiple low-identity alignment hits. Furthermore, 
the sensitivity analysis of k suggested that the prediction results remain consistent for 
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values approximately equal to 10. These findings support the decision to use k = 10 in 
the subsequent analysis (See Supplementary Materials in Additional File 1 for detailed 
information).

Step 2: Edge score calculation

The catalytic efficiency of an enzyme may be influenced by multiple factors, including 
variations in the copy numbers or multiple independent enzymes that perform the same 
function. Therefore, this model aggregated hit scores on the same edge by the following 
formula:

Ei = 1 −
∏

j∈Di

(1 − Hj)� (3)

where i is an edge, j is an alignment hit, Di is the set of all hits mapped to edge i, and H 
is calculated from Eq. 1 or Eq. 2 depending on which model is used in the previous step. 
This formula is analogous to calculating the probability that at least one hit is functional 
by assuming hit scores are independent. The derived edge score is between 0 and 1. Due 
to the binary property, Eq. 3 can be reduced to the Binary Model using the following 
equation:

Ei =
{ 1, if at least one Hj∈Di

= 1
0, otherwise � (4)

Step 3: Prediction model–node score calculation

A node in the pathway graph represents a chemical compound, and the score for node i 
can then be determined as follows:

Fig. 2  The Logistic Model with different values of k. The number following the Logistic label is k. The model con-
verts the percentage of identity of an alignment hit to a hit score
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Ni = 1 −
∏

j∈N−(i),k=eji

(1 − Nj × Ek)� (5)

where eji is a directed edge between node j and node i, E is the edge score calculated 
from Eq. 3, and N−(i) is the set of neighboring nodes connected to node i, where each 
neighboring node has a directed edge eji. This approach creates a network structure to 
represent the biological pathway, and the information propagates from the upstream to 
downstream nodes. This also requires that all node scores of j to be defined before the 
node score of i can be calculated. The order for calculating all node scores is determined 
by the depth-first search (DFS) algorithm. This algorithm traverses the graph by explor-
ing the first child of each node until it encounters a node without a child, at which point 
it backtracks to explore the next child of the previous node. A modified DFS algorithm 
is implemented where the child will be visited only when all the upstream nodes are vis-
ited. This algorithm ensures the node score of a node is calculated right after the node 
score of its last upstream node has been calculated.

In this research, tryptophan serves as the initial compound with a predefined node 
score of 1. All other node scores reflect the relative potential for that bacterium to syn-
thesize the compound from tryptophan. The complete analytical workflow, from curat-
ing bacterial genomes to estimating the capabilities of synthesizing IAA, is summarized 
in Fig. 3.

Fig. 3  The complete analytic workflow for predicting the potential of bacteria to synthesize IAA from tryptophan 
using the Binary and Logistic Models
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Prediction result analysis and validation

The likelihood of being able to synthesize IAA from Trp was calculated with both mod-
els for all bacterial genomes described above. The Binary Model was used to predict 
whether a bacterium has at least one complete pathway (IAM, IPA, TAM, or IAN path-
way) to synthesize IAA from Trp. The Logistic Model estimates a score between 0 and 1, 
and can be used to rank and assess the relative potential to synthesize IAA from Trp for 
each bacterium. The top 100 ranked bacteria were extracted and classified by phylum or 
genus to determine which phylum or genus contains bacteria that are likely to synthesize 
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IAA from Trp. This number serves as an example for demonstration purposes; the actual 
selection should be based on experimental requirements as mentioned in the Discussion 
section.

In order to evaluate the performance of both models, two validation datasets were 
curated. The first dataset contains a list of bacteria that are capable of producing IAA, 
which was curated from a recent review for validation [34]. Bacteria recorded at the 
strain level were considered to be the positive validation set of species. Unfortunately, 
the genomes of the reported strains were unavailable. Therefore, the whole taxonomy 
group was collected instead of specific strains. For those bacteria only reported at the 
genus level, all the species in the genus were analyzed to see whether the ability to syn-
thesize IAA varies from species to species within a genus. In total, 22 species and seven 
genera were selected for validation. In addition, a sub-dataset was extracted to investi-
gate the strain specificity for the prediction result. This sub-dataset contains six species 
with at least ten genomes each, and four genera with at least 50 species each in the data-
set (See Additional File 4). In this validation study, the performance was only assessed 
on complete genomes. While the method can technically be applied to incomplete 
genomes, this would artificially inflate the false negative rate of the prediction model.

The IAA validation dataset only includes bacteria that utilize one of these four major 
Trp-dependent pathways, which are the major pathways utilized by most bacteria. This 
excluded one of the minor pathways which converted indole to IAA in one step via a 
single enzyme, IAA acetyltransferase (IAAT) (Figure S1 in Additional File 1). This is not 
a Trp-dependent pathway validation since indole is one of the precursors of tryptophan, 
and this bypassed all four pathways mentioned above. There is a small group of bacteria 
that utilize this minor pathway to synthesize IAA, such as Bacillus amyloliquefaciens. 
A study demonstrated that B. amyloliquefaciens FZB42 has diminished IAA synthesis 
when the IAAT gene, ysnE, was mutated [44]. One additional validation dataset was 
curated with 168 genomes of Bacillus amyloliquefaciens. The presence of IAAT was con-
firmed in all strains by gene prediction and sequence alignment.

Results
We introduced this prediction framework with two models, the Binary Model, and the 
Logistic Model, to evaluate the likelihood of bacteria synthesizing IAA from Trp. The 
validation dataset is comprised of 15,377 bacterial genomes spanning five phyla. Both 
models use an IAA pathway graph with four major pathways to estimate each bacte-
rium's potential to synthesize IAA.

Potential of bacteria to synthesize IAA

For the Binary Model, an alignment hit requires a minimum of 40 percent identity to an 
enzyme in the IAA pathway graph to be considered in the model. An edge score of one 
represents successful compound conversion, whereas a node score of one indicates that 
the corresponding chemical compound can be synthesized from Trp.

The IAA pathway graph is separated into three groups: the conversion from Trp to an 
intermediate compound (Fig. 4a), from an intermediate compound to IAA (Fig. 4c), and 
from an intermediate compound to another intermediate compound in the IAA path-
way (Fig. 4b). The result shows that conversion from Trp to IAM and IAOX is lacking 
in most bacteria. Only 73 (0.5%) bacteria, mostly in Proteobacteria, had the potential to 
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synthesize IAM from Trp, and no bacterium was likely to synthesize IAOX from Trp. 
On the other hand, 783 (5.1%) and 937 (6.1%) bacteria had the potential to synthesize 
IPA and TAM from Trp. Despite the lack of potential for bacteria to catalyze the conver-
sion of IAM from Trp, a higher proportion of bacteria are able to convert IAM to IAA 
(15.5–59.7% for each phylum). By combining with the potential to synthesize IAM from 
Trp, 56 (0.8%) Proteobacteria, 7 (0.2%) Actinobacteria, and 1 (< 0.1%) Bacteroidetes were 
found to be able to synthesize IAA from Trp via the two-step IAM pathway (Fig. 4d). 
Though also a high proportion of bacteria (8.5–19.1%) could convert IAN to IAA, no 
bacteria were found to convert IAOX to IAN and therefore, in the IAN pathway, only 
the synthesis from the intermediate IAN to IAA was possible for the bacteria analyzed 
in this study. The ability of bacteria to catalyze the intermediate conversion in the IPA 
and the TAM pathway, IPA to IAAld and TAM to IAAld, ranged from 0 to 7.6% and 0.7 
to 23.8% in each phylum. The enzyme IAAld dehydrogenase, shared between the IPA 
and the TAM pathway, was found to exist in 86.9 to 98% of bacteria in each phylum, and 
thus it was the existence of the initial and intermediate enzymes that differentiated the 
likelihood of bacteria to synthesize IAA from Trp. 30 (0.9%) Actinobacteria, 20 (0.7%) 
Firmicutes, and 2 (< 0.1%) Proteobacteria were able to synthesize IAA via the IPA path-
way, whereas 128 (3.7%) Actinobacteria, 10 (0.1%) Proteobacteria, and 1 (< 0.1%) Bac-
teroidetes could synthesize IAA via the TAM pathway. The direct conversion of IPA 
to IAA through YUCCA, an enzyme being reported in the IAA pathway of plants, was 
absent in most genomes and only 69 (0.4%) bacteria were found to have enzymes simi-
lar to YUCCA. Overall, 160 (4.7%) Actinobacteria, 4 (0.2%) Bacteroidetes, 22 (0.7%) 

Fig. 4  Ratio of bacteria that possess a specific enzyme or pathway. a The conversion from Trp to an intermediate; 
b The conversion of intermediates; c The conversion from an intermediate to IAA; d The ability to convert Trp to 
IAA via a specific pathway. IAM: (Trp → IAM → IAA); IPA: (Trp → IPA → IAAld → IAA); TAM: (Trp → TAM → IAAld → IAA); 
IAN: (Trp → IAOX → IAN → IAA)
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Firmicutes, and 69 (1.0%) Proteobacteria were capable of synthesizing IAA from Trp if 
all possible pathways are considered.

Analysis of top-ranking genomes

The Logistic Model was used to estimate the IAA node score for all 15,377 bacterial 
genomes. The distribution of non-zero IAA node scores for 6132 bacterial genomes is 
plotted in Fig. 5a and resembles an exponentially decaying function. The IAA node score 
decreases rapidly from a peak of 0.999 to 0.821 at rank 100, reaching 0.591 at rank 500. 
The node score is less than 50% of the highest value by the rank of 1000. Therefore, the 
Logistic Model has a higher discriminating power for high-ranking genomes, subse-
quently increasing the confidence in selecting top candidates.

The genomes that received an IAA node score of one from the Binary Model were 
compared with their corresponding IAA node scores from the Logistic Model. The 
score distribution provides an empirical method to establish a threshold for the Logistic 
Model. Among 255 genomes with an IAA node score of one from the Binary Model, the 
median, mean, and standard deviation of the IAA node score are 0.731, 0.723, and 0.158, 
respectively (Fig. 5b). Forty-five percent of the genomes have scores between 0.6 and 0.8. 
The median score of 0.731 corresponds to rank 211 in the Logistic Model result (Fig. 5a).

The top 100 ranked bacteria all belong to the following three phyla: 61 Actinobacteria, 
36 Proteobacteria, and 3 Firmicutes (See Additional File 5). This result was in congru-
ence with the Binary Model, where the phylum with the highest potential was Actino-
bacteria, followed by Proteobacteria and Firmicutes. The top 100 bacteria in the Logistic 
model spread across 30 genera, and the top 5 most abundant genera were Streptomyces, 
Paraburkholderia, Nonomuraea, Rhodococcus, and Nocardia. All of the genera are Acti-
nobacteria except Paraburkholderia, which is Proteobacteria.

Prediction model validation

Two validation datasets were curated to evaluate the performance of the model. The first 
dataset contains a list of experimentally validated IAA-producing bacteria based on pre-
vious literature. The second dataset, the Bacillus amyloliquefaciens dataset, was curated 
because B. amyloliquefaciens utilizes an alternative IAA pathway that is not incorpo-
rated in the models.

For the B. amyloliquefaciens dataset, the Binary Model assigned a score of 0 for all 
strains, and the highest score from the Logistic Model is only 0.167, which is relatively 
low in the score distribution figure (Fig. 5a, c). Notably, not all the strains have the same 
Logistic score, with a mean of 0.102 and a standard deviation of 0.033.

For the dataset with previously reported taxonomy groups, the Binary model shows 
only one out of 22 reported species and four out of seven reported genera that were 
predicted to possess the potential to synthesize IAA from Trp (Table S2 in Additional 
File 1). This discrepancy along with the score difference between the strains in B. amylo-
liquefaciens suggested further investigation of the specificity of IAA production within a 
species or genus.

The strain-specificity was investigated with the Logistic Model on the sub-dataset, 
which consists of six species with at least ten genomes each, and four genera with at least 
50 species each in the dataset. The score distributions are shown in Figs. 6 and 7, with 
the summary statistics provided in Table 2. The Logistic Model revealed a wide range of 
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Fig. 5  IAA node distribution analysis using Logistic and Binary Models. a IAA node score distribution using the 
Logistic Model with k = 1 0. b Logistic IAA node score distribution of IAA-producing bacteria predicted by the 
Binary Model (mean ± sd = 0.723 ± 0.158, median = 0.731). c IAA node score distribution of 168 Bacillus amylolique-
faciens strains
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IAA production potential across bacterial species. Most of the Aeromonas hydrophila, 
Azospirillum brasilense, and Paenibacillus polymyxa strains showed little to no activ-
ity. On the other hand, Bacillus subtilis, Bradyrhizobium japonicum, and Burkholderia 
vietnamiensis showed moderate and consistent potential. Acinetobacter and Rhizobium 
generally had low activity and Mesorhizobium and Streptomyces had greater variability 
within the group. The pattern of the distribution observed within a species suggested 
that the production of IAA might be strain-specific.

Discussion
The genome sequences encapsulate the genetic information of an organism and the blue-
prints for the enzymes in the metabolic pathways. In this study, a probabilistic model 
framework was developed to connect the alignment hits (hit score), enzymes (edge 
score), and compounds (node score) in the Trp-dependent IAA pathways. The goal of 
this study is to estimate the likelihood of a bacterium producing IAA from four Trp-
dependent pathways. Two models were constructed: the Binary Model aims to deter-
mine whether a bacterium has the potential to synthesize IAA from Trp with a binary 
output of 0 or 1. Additionally, the Logistic Model aims to rank and identify the bacteria 

Fig. 6  IAA node score distribution of 6 species in the positive set
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with high potential to synthesize IAA from Trp from a collection of bacterial genomes. 
The source code of the prediction framework is freely available at ​h​t​t​p​s​:​​/​/​g​i​t​​h​u​b​.​c​o​​m​/​C​o​​
m​p​u​t​a​​t​i​o​n​a​​l​A​g​r​o​n​​o​m​y​/​​b​c​p​i​p

Factors that affect prediction accuracy

The result from the Binary Model suggested that only 1.7% (255/15377) of the bacteria 
were capable of producing IAA, which is much lower than the previously reported 18.5% 
in 7282 genomes [30]. Several reasons could contribute to this discrepancy. Firstly, the 
difference in sequence identification and filtering criteria may play a role. An in-house 
script re-analysis of the previous study with more stringent criteria for the alignment 

Table 2  IAA node score of collected species and genera for validation
a. With alternative pathway
Species IAA node score (mean ± sd) Number of genomes
Bacillus amyloliquefaciens 0.102 ± 0.033 168

b. Positive set
Species IAA node score (mean ± sd) Number of genomes
Aeromonas hydrophila 0 ± 0 260

Azospirillum brasilense 0.055 ± 0.141 28

Bacillus subtilis 0.439 ± 0.082 665

Bradyrhizobium japonicum 0.466 ± 0.087 73

Burkholderia vietnamiensis 0.521 ± 0.049 128

Paenibacillus polymyxa 0.075 ± 0.118 97

Genus IAA node score (mean ± sd) Number of genomes
Acinetobacter 0.030 ± 0.080 84

Mesorhizobium 0.211 ± 0.230 50

Rhizobium 0.094 ± 0.174 89

Streptomyces 0.446 ± 0.173 554

Fig. 7  IAA node score distribution of 4 genera in the positive set
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step and filtering based on percentage identity and coverage suggested that over 90% 
of the sequenced entities identified in the previous study would not meet these criteria. 
Secondly, the query sequence is searched against a custom curated IAA database con-
taining only the proteins present in the pathway instead of the entire Swiss-Prot data-
base. Query sequences against the Swiss-Prot database showed that some sequences 
previously aligned to IAA entries were found to align to proteins in the same family 
with similar functions but not precisely to the intended targets. Nevertheless, search-
ing against the whole database can be computationally intensive, and a small-scale cus-
tomized database allows rapid screening across a large number of genomes. Thirdly, 
sequence similarity is the primary method used for enzyme identification. A 40% simi-
larity to the target sequence is sufficient to identify the protein family with confidence. 
However, to align with its functions, a 60% similarity is recommended [43]. Setting 
the identity threshold at 40% prevents underestimating the prediction results, with the 
potential trade-off of reducing the specificity. It is important to note that a bacterium 
that can be experimentally validated to produce IAA may only be predicted to have an 
enzyme in the IAA pathway if the enzyme has sufficient sequence similarity. However, a 
limitation is that sequence similarity does not always directly translate to functional sim-
ilarity, as highly similar sequences can still miss key catalytic domains or signal peptides 
essential for enzyme function. A more robust approach would involve protein struc-
ture prediction, such as AlphaFold, and 3D structural comparison with known enzymes 
to determine functional similarities [45, 46]. This would be computationally intensive 
with sufficiently powerful GPUs required for structure prediction and comparison of 
every sequence, and represents a completely different algorithm for pathway prediction 
research. Additionally, IAA production is strain-specific; therefore, wet lab experiments 
are still required to validate the true capabilities of IAA synthesis [47, 48].

The location of IAA genes varies across bacterial species, with some genes residing 
on plasmids and others on chromosomes. These plasmid genes have the potential to 
facilitate HGT, which plays an important role in evolutionary history. Although includ-
ing evolutionary history would improve prediction accuracy, one of the limitations is 
accurately modeling the stochastic nature of HGT events and their variable rates across 
different bacterial lineages, and robustly transferring and incorporating this informa-
tion into the probabilistic pathway prediction models. Therefore, the current prediction 
model did not include this information, and this would be beyond the scope of the cur-
rent project.

These models focused on integrating four major Trp-dependent pathways and 
excluded the minor IAAT pathway. This pathway is excluded because it is only utilized 
by a small group of bacteria and it is not the main focus of this project [44].

This study only focused on and performed validation using complete genomes, which 
may introduce a small bias when applied to real-world data. When the prediction model 
is applied to incomplete genomes or data with poor sequencing quality, users should 
expect increased false negative rates due to missing or fragmented gene sequences. 
There are multiple metrics that can assess the genome completeness and quality, such as 
BUSCO scores and N50 values, and these should be checked before applying the predic-
tion model [49, 50]. Ultimately, users should interpret results with caution when work-
ing with draft assemblies or low-quality sequences.
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Model assumptions

There are several assumptions for this prediction framework. This framework assumes 
that all enzymes and chemical compounds in the pathway are independent. However, 
this is an oversimplified assumption and generally not the case. Most enzymes have com-
plicated regulatory and feedback systems and are regulated by other proteins or by the 
concentration of a compound. For instance, in Azospirillum brasilense, the expression of 
the ipdC gene, which encodes IPDC in Fig. 1, is activated by IAA [25]. Therefore, a non-
independent prediction framework requires integrating the full convoluted network of 
interactions and relationships with all other enzymes instead of focusing solely on the 
core pathway. Additionally, the framework assumes that all pathways have equal weight-
ing, an assumption that is expected to be verified but not examined in this study. The 
current framework provides a valuable tool that can be adapted for all pathways without 
resolving all underlying mechanisms involved in the network. A comprehensive predic-
tion model with non-independent components and unequal weighting between path-
ways would be ideal. Nevertheless, this specific model would be dedicated to a group of 
organisms that have mapped out all interactions and feedback mechanisms, a task which 
is beyond the scope of this project.

The Logistic model extracts genomic information and assigns high scores to bacteria 
with multiple complete pathways and highly identical proteins to reported IAA pathway 
enzymes. However, a high score or rank in the Logistic Model does not guarantee a posi-
tive result. For example, a genome with a score of 0.960 in the Logistic Model was found 
to have a negative result from the Binary Model. Upon closer inspection of the data, the 
latter genome showed the presence of multiple pathways; however, none of these path-
ways surpassed the 40% identity threshold, resulting in a negative result in the Binary 
Model. The main advantage of the Logistic Model is its ability to identify genomes with 
multiple and less confident enzymes, whereas the Binary Model excludes such genomes 
based on the 40% identity threshold. In the Logistic Model, a bacterium with a high score 
suggests that either the bacterium possesses multiple Trp-dependent pathways or a sin-
gle pathway with a very high confidence level. The model does not have the capability to 
distinguish between these two scenarios, and downstream wet lab validation is required 
to determine the exact mechanism of the synthesis processes. The primary purpose of 
the ranking is to act as in-silico filtering for the downstream large-scale wet lab screen-
ing process. This is an effective method to reduce the number of candidates required for 
biological assays. In practice, the selection of top N-ranked bacterial candidates should 
be determined based on the project goals and downstream analysis requirements. This 
is often based on resource availability, such as established wet lab procedures and the 
capacity of wet lab equipment (i.e., plate readers, incubators). Ultimately, project scope 
and available resources should guide candidate selection.

Evaluation of IAA synthesis via Trp-dependent pathways in bacteria

Experimental validation of bacterial IAA synthesis typically requires culturing and 
assaying bacteria in wet laboratory experiments [51]. However, the limited availability 
of bacterial genomes and the resource-intensive nature of large-scale wet lab screening 
procedures pose significant challenges to researchers in this field. Therefore, a bioinfor-
matics-based approach presents a promising alternative strategy. By leveraging sequence 
similarities and investigating the homologous proteins involved in IAA synthesis across 
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a wide range of bacterial genomes, the prediction framework developed in this study 
offers valuable insights into the potential for IAA synthesis in individual bacterial spe-
cies. Moreover, it can serve as an effective pre-screening tool and reduce the effort 
required for downstream resource-intensive wet lab experiments. We acknowledge that 
experimental validation of these predicted strains would be valuable future work, which 
represents an important opportunity for future investigation. For instance, if the predic-
tion framework identified a group of bacteria with a high likelihood of synthesizing IAA 
that have not been reported previously, these bacteria would be potential candidates for 
further wet-lab validation. We also believe that computational prediction studies play 
an important role in generating reliable testable candidates for the research community.

Among the top 100 ranked bacteria in the prediction results, the four most abundant 
genera were Paraburkholderia, Nonomuraea, Rhodococcus, and Nocardia. Nevertheless, 
they were not in the positive set. Notably, the species Paraburkholderia phytofirmans 
has been reported to utilize IAA as an energy and carbon source [52]. Furthermore, Qin 
et al. [53] isolated a strain closely related to Nonomuraea endophytica and demonstrated 
its ability to promote plant growth, possibly through the activity of 1-aminocyclopro-
pane-1-carboxylate (ACC) deaminase, an enzyme that degrades the precursor ACC of 
ethylene. The plant pathogen Rhodococcus fascians is able to excrete IAA and increase 
IAA levels in infected tissues, which may contribute to gall formation [54]. In addition, 
the Nocardia strain BMG51109 has been shown to promote root nodule formation 
and synthesize IAA [55]. Although previous studies on these genera have not primarily 
focused on their role in IAA synthesis, the prediction results suggest that some species 
within these genera may possess the potential to synthesize IAA. Consequently, addi-
tional research on these strains could unveil their contribution to plant growth promo-
tion through IAA production and metabolism.

Conclusion
This study presents a probabilistic framework for estimating the potential of bacteria to 
synthesize the plant hormone IAA via Trp-dependent pathways. This framework inte-
grates genomic data, sequence homology analysis, and probabilistic modeling to predict 
the likelihood of IAA synthesis capability. The Binary Model provides a binary predic-
tion, while the Logistic Model ranks bacteria based on their relative potential for IAA 
synthesis. Validation against a comprehensive dataset of more than 15,000 bacterial 
genomes available on NCBI demonstrates the framework's efficacy in identifying prom-
ising candidates for further experimental validation in the wet lab. The proposed frame-
work offers a cost-effective in-silico screening approach and enables targeted exploration 
of bacteria with potential IAA synthesis capabilities. This contribution has significant 
implications for advancing the understanding of plant–microbe interactions and the dis-
covery of novel plant growth-promoting rhizobacteria. Furthermore, it provides a gate-
way for developing sustainable agricultural practices using novel biostimulants.
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