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Abstract
Background: According to the World Health Organization (WHO), infectious diseases continue to one of
the leading causes of death worldwide. Since the core microbiota flora of humans is largely diverse and
horizontal gene transfer (HGT), it is very challenging to determine whether a particular bacterial strain is
commensal or pathogenic to humans. With the latest advances in next-generation sequencing (NGS)
technology, bioinformatics tools and techniques using NGS data have increasingly been used for the
diagnosis and monitoring of infectious diseases. Even if the biological background is not available, the
machine learning method can still infer the pathogenic phenotype from the NGS readings, independent of
the database of known organisms, and being studied intensively.However, previous methods have not
considered opportunistic pathogenic and interpretability of black box model, are not well suited for
clinical requirements.
Results :In this study, we proposed a novel interpretable machine learning approach (IMLA) to identify the
pathogenicity of bacterial genomes: human pathogens (HP), opportunistic pathogenicity (OHP) or nonpathogenicity(NHP), then use the following model-agnostic interpretation methods to interpret model:
feature importance, accumulated local effects and Shapley values, due to the model interpretability is
essential for healthcare applications. To our knowledge, our paper is the first attempt to infer
opportunistic pathogenicity and explain the model.
Conclusions: According to the simulation results, our approach IMLA can be a great addition to detect
novel pathogens.

1 Background
1.1Motivation
According to the World Health Organization (WHO), infectious diseases continue to one of the leading
causes of death worldwide. Recent research has shown that humans are heavily colonized by thousands
of microbes that are harmful, harmless, or beneficial to human health. (Qin et al., 2010; Hooper and
Gordon, 2001). Since human core microbiota is very diverse, it is particularly challenging to determine
whether a particular bacterial strain is pathogenic to humans.
Currently, the gold standard for determining infectious agents is the Koch hypothesis established in the
19th century, which requires isolation and cultivation of microbial strains (Sassetti et al., 2003; Young et
al., 1984). However, the culture period is long and many pathogens are difficult to culture, so it is difficult
to meet the clinical requirements.
Another phylogeny-based method classifying bacteria into human pathogenicity was to look for some
molecular features(Falkow,1997), two-component systems (Stock et al.,2000) and secretion
systems(Hacker and Kaper.,2000) . However, there are two problems with these methods. One is that
these features are exchanged between pathogenic and avirulent strains of the same or different species
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due to horizontal gene transfer (HGT) (Frost et al., 2005; Frost et al., 2008; HoSui et al. , 2009). Another is
that there are some virulence genes, although they cannot directly determine virulence, but they are
essential for bacterial response in the host to survive and evade the body's immune system(Wassenaar
and Gaastra,2001; Paine et al., 2002).
With the latest advances in next-generation sequencing (NGS) technology, DNA sequencing has become
the state-of-the-art in pathogen detection (Lecuit and Eloit, 2014; Calistri and Palù, 2015), The amount of
data in bacterial sequence database is rapidly accumulating. (Benson et al., 2015; O’Leary et al., 2016),
bioinformatics tools and techniques using NGS data have increasingly been used for the diagnosis and
monitoring of infectious diseases detection (Lecuit and Eloit, 2014; Calistri and Palù, 2015). Even if the
biological background is not available, the machine learning method can still infer the pathogenic
phenotype from the NGS readings, independent of the database of known organisms, and being studied
intensively.

1.2Related Work
Existing methods for predicting pathogenicity can be broadly divided into two types, genome-based
(Miller et al., 2013; Byrd et al., 2014; Naccache et al., 2014; Deneke et al., 2017; Jakub M. Bartoszewicz et
al. , 2019) and protein-based (Iraola et al., 2012; Cosentino et al., 2013; Eran et al.,2018), as described
below. The method we propose in this article belong to the former category.

Genome-based methods use the raw genome reads as input. Miller et al. developed several tools for
mapping NGS reads to reference genomes and for classification (Miller et al, 2013; Byrd et al, 2014;
Naccache et al, 2014). However, these tools make the taxonomy rather than phenotype prediction, and
severely affected the basic data set covering taxonomy, and cannot be used to predict new pathogens.
Recently, some genome-based phenotype prediction methods were published.
Deneke et al. proposed a random forest-based pathogenicity prediction method PaPrBaG (Deneke et al.,
2017). It predicts the pathogenicity of novel unknown bacterial pathogens by training a large number of
labelled pathogens and non-pathogenic bacteria. Compared to other methods, PaPrBaG can be predicted
based on NGS data with very low genomic coverage, while other methods are based on the similarity of
the known reference genomes.
Another recent method for predicting pathogenicity is Deep Learning Approach to Pathogenicity
Classification (DeePaC), includes a universal, extensible framework for neural architectures ensuring
identical predictions for any given DNA sequence and its reverse-complement (Jakub M. Bartoszewicz et
al. , 2019). It combines the reverse-complementary architecture with the integration of predictions for both
mates in a read pair results, and designs a reverse-complementary convolutional neural network and
Long Short-Term Memory (LSTM), reducing the error rate by nearly half compared to the latest
technology.

Page 3/25

Although these new methods are more accurate, the application of any of these methods to missioncritical contexts remains problematic due to un-interpretability of black-box model and neglect of
opportunistic pathogenicity.

Protein-based methods characterize the phenotype of the microbe by the presence or absence of
members of the protein families (PFs) in its genomes, provided that the assembled genomes are
available.
Iraola et al. proposed the first large-scale application of the protein-based method BacFier, training a
Support Vector Machine (SVM) model to predict bacterial virulence based known families of orthologous
genes (Iraola et al., 2012). This method depends on a virulence factor database that annotates virulence
at the genetic level and is therefore limited to specific proteins known to be associated with virulence,
ignoring many unannotated genes whose sequences are available and possibly virulence (or antivirulence) function related.
Other protein-based pathogenicity prediction tools that create and annotate PF based on their frequency
of occurrence in pathogenic or non-pathogenic organisms, without depending on pre-established
databases (Cosentino et al., 2013; Eran et al.,2018).
Cosentino et al. (Cosentino et al., 2013) developed a web server PathogenFinder for predicting bacterial
pathogenicity using proteomics, genomes or raw reads (https://cge.cbs.dtu.dk/services/PathogenFinder/
) . The pathogenicity of bacteria depends on the proteome known to be involved in pathogenicity.This
web server utilizes a selection of proteins created without annotated function or known involvement in
pathogenicity. It can predict pathogenicity for all taxonomic groups of bacteria with 88.6% accuracy. The
approach of the program is not biased with known pathogenicity. Therefore the program could be used to
discover novel pathogenicity factors. However, the step of clustering proteins into PFs step in this method
has computational bottleneck.
Eran et al. proposed a machine learning method BacPaCS for bacterial pathogenicity classification
through sparse support vector machine (sparse-SVM). By fully automating the training of clinically
relevant data, the calculation time is greatly shortened, and the training data set is much larger than
before (Eran et al. 2018). Experimental results in a clinically relevant data set containing only human host
bacteria showed that BacPaCS showed high accuracy in distinguishing between pathogenic bacteria and
non-pathogenic bacteria.
However, the human body has plenty of long-term coexistence of microbes, these microbes in many
cases do not exhibit pathogenicity, but under certain conditions, will be pathogenic to humans. Previous
methods have not considered opportunistic pathogenic and they are not well suited for clinical
requirements.
In this paper we propose a novel interpretable machine learning approach IMLA for classifying
unidentified bacterial genomes as human pathogens, opportunistic pathogenicity or none of them, then
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use the following model-agnostic interpretation methods to interpret model: feature importance,
accumulated local effects and Shapley values, as model interpretability is essential for healthcare
applications.

2 Methods
We will describe the construction of the data set in Section 2.1 and describe the classification method in
Sections 2.2 and 2.3.
2.1. Dataset
2.1.1. Extracting data
To the best of our knowledge, there are currently no publicly available standard data on human
pathogenic microorganisms.We extracted metadata from the Pathosystems Resource Integration Center
(PATRIC) and the Integrated Microbial Genomes (IMG) . Both databases provide researchers with a variety
of metadata on microbial genome projects.
We downloaded the IMG and PATRIC database on 05/07/2019, IMG contained ~71 thousand sequenced
bacterial genomes, PATRIC contained ~220 thousand sequenced bacterial genomes.
We further identified the human colonization and whole genome sequences (WGS) data by finding
‘Humans sapiens’ or ‘Homo sapiens’ in the ‘host name’ column and finding ‘WGS’ in the ‘Genome Status’
column, then merged and deduplicated both databases by NCBI Taxon ID column, and finally
downloaded fasta format files of sequences according to taxon ids from NCBI website.
2.1.2. Labelling method
To infer the pathogen label, we created heuristic rules to label data based on metadata of the IMG and
PATRIC databases, comparing with BacPaCS (Cosentino et al., 2013) and PaPrBaG (Deneke et al., 2017).
The heuristic method was described as follows:
1. We labelled genomes as opportunity human pathogens (OHP) if they satisfied any of the following
criteria: One of the fields ‘Isolation Source’, ‘Host Health’, or ‘Comments’ includes an OHP term, as
defined in Table 1.
2. Excluding the generated OHP list, we labelled genomes as human pathogens (HP) if they satisfied
any of the following criteria:
The ‘Disease’ field is not empty and does not contain an OHP/Commensal term, as defined in Table
1.
One of the fields ‘Isolation Source’, ‘Host Health’, or ‘Comments’ includes an HP term. In addition, the
same fields cannot include any of the non-human pathogens (NHP) terms, as defined in Table 1.
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3. Excluding the generated OHP and HP list, we labelled genomes as NHP if they satisfied any of the
following criteria: One of the fields ‘Isolation Source’, ‘Host Health’, or ‘Comments’ includes an NHP
term.
The term groups were used for the criteria, as defined in Table 1:
We labelled 87,574 genomes as human pathogens (HP), 107 genomes as opportunity human pathogens
(OHP), 670 genomes as non-human pathogens (NHP) and 954,763 as inconclusive.
2.1.3. Balancing dataset
Since most bacterial samples are collected from clinically sick individuals, most of the sequencing
bacteria are HP bacteria. In our data set, the ratio of HP:NHP:OHP bacteria is 200:6:1, and the data is
imbalanced.
However, machine learning algorithms can be affected by imbalanced data set, and when the sample size
ratio varies greatly, it may seriously affect the learning process of the algorithm, resulting in poor
classification results.
These methods are often used to imbalanced learning: data-level methods (over-sampling, undersampling and hybrid-sampling.) and algorithm-level methods (cost-sensitive learning, ensemble methods
etc). Since the labeled training samples are difficult to obtain, and the generated synthetic samples have
no definite meaning and are difficult to explain, so the data-level methods are not suitable, we choose
cost-sensitive learning method to improve the importance of the minority class samples, set the weights
of HP/NHP/OHP class to 1/200,1/6,1 respectively.
2.2 Training the Model
The workflow of our method is shown in Figure 1.
2.2.1 Extracting features
The effective features are very important for building a high performance classifier.
Bacterial genomes are densely packed with proteins (Patthy,1999), and since the protein sequences are
more conserved evolutionarily than the DNA sequences, wherein the peptide can thus provide valuable
information reliably.
We extracted protein physicochemical properties features and outer membrane proteins features to
capture the information implied in sequencing reads.
physicochemical properties
Amino acids are the basic unit of protein. The physicochemical properties of some amino acids have
been determined by extensive experiments and theoretical studies.
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AAindex is a numerical index database that assigns a fraction of each property (usually based on the
peptide's secondary structure) to each residue, representing various physicochemical and biochemical
properties of amino acid and amino acid pairs (Kawashima et al.,2008). The latest version 9.2 contained
566 properties when we accessed the website on 05/07/2019 (AAindex, 2019). AAindex is widely used to
analyze the physicochemical and biochemical properties of protein sequences.
We selected the 32 of 566 properties as features of the model according to Deneke et al., 2017, as follows
in Table 2.
The values of the feature were obtained by multiplying the amino acid frequency and its associated index
score.
outer membrane proteins features
Membrane proteins are proteins that are part of the interaction with biological membranes (Johnson and
Cornell,1999; Alenghat and Golan,2013), that are the targets of over 50% of all modern medicinal drugs
(Overington et al.,2006). It is estimated that 20–30% of all genes in most genomes encode membrane
proteins (Krogh et al.,2001; Liszewski, 2015). Bacterial outer membrane vesicle (OMV)-mediated delivery
of proteins to host cells is an important mechanism for host-pathogen communication (Koeppen et
al.,2016). For example, the highly conserved Gram-negative outer membrane protein murein lipoprotein
(MLP) has been detected in the plasma of septic patients (Hellman et al, 2000; Suzuki et al, 1978) and is
the primary antigen that induces systemic infection. Both IgG in mice and humans have a homeostasis
(Melody Y. Zeng et al., 2016) .Bertoletti and Gehring have shown that the removal of 26-30 AA from preS1,
an outer membrane protein on the surface of HBV, cannot infect hepatocytes, confirming its significance
in HBV infection (Bertoletti and Gehring,2009).
Protein secondary structure is the three-dimensional form of local segments of proteins, it’s simpler than
tertiary structure. Membrane proteins can be predicted based on the protein secondary structure. Many
methods have been developed to help predict protein secondary structure definitions and biochemical
functions of proteins from its amino acid sequence (Cheng et al.,2005; Morten et al.,2012; Magnan and
Baldi,2014; Mills et al.,2015;Yang et al.,2015;Zheng et al.,2019).
Read sequence was first translated into a peptide sequence, then we used standalone TMHMM version
2.0 (Krogh et al.,2001) to predict the transmembrane helices in proteins, and then used the normalized
frequencies of transmembrane groups and helices as features of the model.
2.2.2 Generating Model
The Gradient boosting decision trees (GBDT), also known as Gradient Boosting Machine (GBM ) is a
boosting integrated learning model with the advantages of highly customizable flexibility, fast training
and parallelization, easy to adjust and interpretable (Friedman,2001).
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The GBDT methods have been widely adopted in academia, industry and competitive data science due to
their most advanced performance in many machine learning tasks, being almost the gold standard for
structured data sets.
Researchers have done some comparative study of the three most popular GBDT packages: XGBoost,
LightGBM and Catboost.
XGBoost is an efficient, flexible and portable distributed gradient enhancement library. It implements
machine learning algorithms under the Gradient Boosting framework and provides parallel tree
enhancements to quickly and accurately solve many data science problems such as regression,
classification, and ranking (Chen et al., 2016).
LightGBM is also a tree-based gradient boosting framework that uses a novel Gradient-based One-Side
Sampling (GOSS) technique to filter out the data instances for finding a split value, while XGBoost uses
the pre-sorting algorithms and histogram-based algorithms to calculate the optimal split (Ke et al.,2017).
Catboost is an open-source gradient boosting algorithm developed by Yandex team in 2017. It is a
machine learning algorithm which allows users to handle categorical features for a large data set quickly
and this differentiates it from XGBoost & LightGBM. Catboost can be used to solve regression,
classification and ranking problems (Prokhorenkova et al.,2018).
The results show that Catboost outperformed the other two in terms of both speed and accuracy results
for datasets with categorical features (Prokhorenkova et al.,2018; Anghel et al.,2018; Nguyen et
al.,2018;Pulicherla et al.,2019). In addition, for datasets with a large number of features, XGBoost may
not work due to memory limitations, and Catboost will converge into a good solution in the shortest time.
Therefore, this paper chooses to implement the IMLA model based on CatBoost, using the above features
and pathogenic labels to train a classifier for each genome in the training data set.
2.2.3 Evaluation metrics
Different metrics are used to measure the accuracy of machine learning algorithms. Sensitivity and
specificity are metrics which are well known for balanced datasets. Sensitivity (also known as recall or
true positive rate TPR) is the proportion of well-classified positive samples, while specificity (also known
as true negative rate TNR) is the proportion of well-classified negative samples.
However, the above both metrics would result in misleading scores due to the imbalance of the data. We
choose the Precision-Recall curve (PR AUC) and Matthews correlation coefficient (MCC) metrics to deal
with imbalanced datasets:
Precision-Recall curve is the area under the precision-recall curve, is a more reliable and informative
indicator than the receiver operating characteristic curve, especially for imbalanced datasets (Hand and
Till, 2001; Saito and Rehmsmeier,2015).
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MCC was a method introduced by biochemist Brian W. Matthews in 1975 to measure the quality of binary
classification, it was more informative than other confusion matrix measures (such as F1 score and
accuracy) , it has also been generalized to the multiclass case (Gorodkin,2004; Chicco,2017).
2.3 Interpreting Model
Doshi et al. define the interpretability of a machine learning system as an ability to explain to humans or
present in understandable terms (Doshi et al., 2017). Interpretability is critical for model debugging,
detection bias, interpersonal collaboration, compliance, and mission-critical applications such as
healthcare, where understanding, verification, editing, and trust models are important (Caruana et al.,
2015). .
There are three methods for solving this problem: interpretable model, model-specific interpretation
method and model-agnostic interpretation method (Molnar et al.,2019). Interpretable models often have a
big disadvantage: predictive performance is reduced compared to other machine learning models. The
downside of the model-specific interpretation method is that it also binds you to a model type and makes
it difficult to switch to other models. Model-agnostic interpretation methods have great flexibility because
they separate interpretation from machine learning models, and machine learning developers are free to
use any machine learning model when applying interpretation methods to any model (Ribeiro et al.,
2016).
We use the following model-agnostic interpretation methods to interpret model:
2.3.1 Features Importance
The displacement feature importance metric was introduced by Breiman for random forests (Breiman,
2001). Based on this idea, Fisher et al. proposed a model-agnostic version of feature importance and
called it model dependency (Fisher et al., 2018).
Feature importance provides a highly compressed global insight into the behavior of the model,
automatically considering all interactions with other features. When the value of the feature is modified,
the prediction error of the model increases, which destroys the relationship between the feature and the
true outcome.
2.3.2 Accumulated local effects
Accumulated local effects (D.W. Apley. 2016) describe how the feature affects the prediction of the
machine learning model on average, even if the features are correlated, it still works. ALE plots are faster
to compute and scale with O(n), and are a faster, more unbiased alternative to partial dependence plots
(Friedman, 2001). The ALE plots are centered at zero, which makes the value of each point of the ALE
curve the difference from the mean prediction, so the interpretability is very good.
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The interpretation of the ALE diagram is clear. Given a value, the relative impact of the changed feature
on the prediction can be derived from the ALE plots.
2.3.3 Shapley value
The Shapley value is a method in coalitional game theory that allocates payout to players based on their
contribution to total payout, which is the average marginal contribution of the value of the feature in all
possible coalitions (Shapley, 1953).
The Shapley value is the only interpretation based on solid theory (efficiency, symmetry, dummy and
additivity axioms), and the difference between the predicted value and the average predicted value is
fairly distributed between the feature values of the instance. Furthermore, the Shapley value allows for
comparative interpretation without comparing the prediction to the average prediction of the entire data
set, but rather comparing the Shapley value to a subset or even a single data point.

3 Results
Cross-validation strategy is a model validation techniques used to evaluate how the results of a predictive
model will be generalized to an independent data set, estimating the performance of the predictive model
in practice (Kohavi, 1995). We split dataset into train and test subsets with 7:3 ratio, both have same
HP/NHP/OHP ratio, then evaluate the model using standard 10-fold cross-validation within the training
set.
In the following, we furthered compared the performance of our method against the state-of-the-art in
potential pathogenic prediction: PaPrBaG, BacPaCS and DeePaC. We trained PaPrBaG random forests,
BacPaCS sparse-SVM and DeePaC RC-network using our dataset.
We used original authors settings for all methods(Deneke et al., 2017; Barash et al., 2018; Jakub M.
Bartoszewicz et al. , 2019). Each classifier was trained on our x86_64 server with 12 Core CPU, 512GB
RAM and Tesla V100 GPU, installed Ubuntu 16.04 and CUDA 10.0.
3.1 Implementation details
We implemented the architectures and all steps needed for data preprocessing, feature engineering,
training, prediction and evaluation of the resulting models using python 3.6 with package pandas,
NumPy, SciPy, scikit-learn, sci-imbalance, catboost, Tmhmm.py 1.2.2 for the transmembrane helix finder,
as well as Biopython 1.72 for efficient fasta file preprocessing.
3.2 Hyperparameter tuning
Using a grid of parameter settings is currently the most widely used method for hyperparameter
optimization, we used grid_search method provided by catboost, and set parameters grid: iterations=
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[300,500,1000,1500], learning_rate=[0.01,0.03,0.05] and depth=[5,6,7,8,9,10]}, optimized hyperparameter
result: iterations 1500,learning_rate 0.05 and depth 10.
3.3 Classifier Performance comparison
In order to compare with other classifiers, we merge OHP and NHP class into NHP, and thus transform it
into binary classification problems, the weights of HP/NHP class set to 1/200,1 respectively for the
balancing. The results of the evaluation as follows in Table 3.
The IMLA binary classifier outperforms all of the other binary classifiers in terms of TPR,PR AUC and
MCC. The IMLA multiclass classifier’s specificity is the best.
Thanks to the good performance of Catboost, the IMLA classifier training takes about 2 minutes,10-fold
cross validation takes about 40 minutes, was the fastest method.
3.4 Model Interpreting
3.4.1 Features Importance
As follows Figure 2 plot the importance of the features.
The features importance scored by Shapley value, which is a general evaluation of feature relevance on
the model as a whole. The chart considers the feature relevance for each prediction class. Also, for each
feature, it shows how many features influence the fact aspects.
As an example, we can see that transmem_helix_ratio and transmem_group_ratio were by far the most
influential features, which was consistent with what it was explained in Section 2.2.1.
3.4.2 Accumulated local effects
ALE plots for each feature are shown in Figure 3.
ALE plots describe how the feature affects the prediction of the machine learning model on average.
The interpretation of ALE plots is clear, taking transmembrane group ratio as an example, it can be seen
that when the transmembrane group ratio is greater than 0.2, the effect of this feature on the pathogenic
prediction will remain unchanged.
3.4.3 Shapley value
There are some different Shapley diagrams to explain models from different aspects. Shapley summary
plot is shown in Figure 4, Shapley model explainer plot is shown in Figure 5 and Shapley individual
prediction explainer plot is shown in Figure 6.
Looking at transmem_group_ratio variable, we can see how lower ratio is associated with a big decrease
in shap values. It is interesting to note that around the value 0.2-0.8, the curve starts to decrease again. It
Page 11/25

shows a perfect non-linear relationship.
Taking WERD780104, we can observe that shap values were almost 0 when the variable value was lower
than 0.8, while on the other hand, the value one was associated mainly with a shap increase around 0.8.
This chart tries to explain the model as a whole. It essentially has all the samples plotted on the x-axis (in
this case, ordered by similarity, but it can be changed in the combo box) and their prediction values
plotted on the y-axis. Also, it has the individual contributions of each feature for each sample, based on
feature value.
In this example, we selected sample number 9008 (x-axis), which has a prediction value of 1.363 (y-axis)
and where transmem_helix_ratio and AURR980118 are the most relevant features — they push the
prediction up though. However, by just hovering over other samples, it’s possible to see how feature
values and their impact change, as well as the predictions.
This chart can explain individual predictions. In this case, we selected the first sample of the test set. We
can see that the model predicted a value of 0.18. Additionally, we can see which features contribute to
getting that value higher (red) or lower (blue). In this case, QIAN880123 being equal to 0.6964 is the most
defining feature that corroborates the target variable, meaning it pushes the prediction down. On the other
hand, the values of transmem_helix_ratio and CHOP780207 improved the prediction value.

4 Discussion
In this paper, we explored the potential to predict the pathogenic phenotype of novel bacterial species
directly from sequencing reads. We proposed a novel interpretable machine learning method for
classifying novel bacterial genomes into human pathogens, opportunistic pathogenicity or nonpathogenicity, combining feature extraction with Catboost prediction, and then using the following modelagnostic interpretation methods to interpret the model: feature importance, accumulated local effects and
Shapley values, given that model interpretability is essential for healthcare applications.
The training process of machine learning methods is highly dependent on the available pathogenic
labels. Therefore, based on publicly available phenotypes and reliable pathogenicity information, we
created a rule-based pathogenic annotation inference protocol and compiled a new bacterial genome
dataset with labels.

5 Conclusions
In summary, the novel approach presented in this paper proposed a reliable and accurate classifier that
quickly classifies HP, OHP and NHP. To our knowledge, this paper is the first attempt to predict
opportunistic pathogenicity and to explain the model. Furthermore, how to measure the degree of
interpretability, the retraceability and causability of method are very important in the healthcare
domain(Holzinger et al.,2019; Holzinger et al.,2020), and these need to be further studied in the future.
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Tables
Table 1. The term group list
Group
HP terms
NHP terms
OHP terms
Commensal
terms

Terms List (case insensitive)
virulence, disease, superbug, patient, diarrhea, waterborne, foodborne,
toxin, clinical, intensive, outbreak, infection, pathogen, water borne,
food borne
healthy, probiotic, commensal, comparative, reference
opportunistic, condition, conditional, occasion, harmless
healthy, Commensal, Periodontally healthy.

Table 2. The AAindex accession number and the description of features
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AAindex
accession
number
AURR980102
AURR980116
AURR980118
BROC820101
BUNA790103
CHOP780207
FAUJ880105
FINA910103
FUKS010109
GEIM800103
GEIM800105
ISOY800107
KHAG800101
LEWP710101
MAXF760103
OOBM850104
PALJ810111
PRAM820103
QIAN880102
QIAN880114
QIAN880123
QIAN880137
RACS770103
RACS820103
RICJ880101
RICJ880117
ROBB760107
SUYM030101
TANS770106
TANS770108
VASM830101
WERD780104

description
Normalized positional residue frequency at helix termini N"' (AuroraRose, 1998)
Normalized positional residue frequency at helix termini Cc (AuroraRose, 1998)
Normalized positional residue frequency at helix termini C" (AuroraRose, 1998)
Retention coefficient in TFA (Browne et al., 1982)
Spin-spin coupling constants 3JHalpha-NH (Bundi-Wuthrich, 1979)
Normalized frequency of C-terminal non helical region (Chou-Fasman,
1978b)
STERIMOL minimum width of the side chain (Fauchere et al., 1988)
Helix termination parameter at posision j-2,j-1,j (Finkelstein et al., 1991)
Entire chain composition of amino acids in intracellular proteins of
thermophiles (percent) (Fukuchi-Nishikawa, 2001)
Alpha-helix indices for beta-proteins (Geisow-Roberts, 1980)
Beta-strand indices (Geisow-Roberts, 1980)
Normalized relative frequency of double bend (Isogai et al., 1980)
The Kerr-constant increments (Khanarian-Moore, 1980)
Frequency of occurrence in beta-bends (Lewis et al., 1971)
Normalized frequency of zeta R (Maxfield-Scheraga, 1976)
Optimized average non-bonded energy per atom (Oobatake et al., 1985)
Normalized frequency of beta-sheet in alpha+beta class (Palau et al.,
1981)
Correlation coefficient in regression analysis (PrabhakaranPonnuswamy, 1982)
Weights for alpha-helix at the window position of -5 (Qian-Sejnowski,
1988)
Weights for beta-sheet at the window position of -6 (Qian-Sejnowski,
1988)
Weights for beta-sheet at the window position of 3 (Qian-Sejnowski,
1988)
Weights for coil at the window position of 4 (Qian-Sejnowski, 1988)
Side chain orientational preference (Rackovsky-Scheraga, 1977)
Average relative fractional occurrence in AL(i) (Rackovsky-Scheraga,
1982)
Relative preference value at N" (Richardson-Richardson, 1988)
Relative preference value at C" (Richardson-Richardson, 1988)
Information measure for extended without H-bond (Robson-Suzuki,
1976)
Linker propensity index (Suyama-Ohara, 2003)
Normalized frequency of chain reversal D (Tanaka-Scheraga, 1977)
Normalized frequency of zeta R (Tanaka-Scheraga, 1977)
Relative population of conformational state A (Vasquez et al., 1983)
Free energy change of epsilon(i) to alpha(Rh) (Wertz-Scheraga, 1978)

Table 3. Performance results for all methods
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Classifier
IMLA-Multiclass
IMLA-Binary
PaPrBaG
BacPaCS0.950.500.970.46DeePac
PaPrBaG

TPR
0.91
0.99
0.76
0.83
0.76

TNR PR AUC MCC ACC
0.92
0.91
0.87 0.92
0.90
0.99
0.89 0.94
0.85
0.95
0.61 0.80
0.91
0.99
0.76 0.87
0.85
0.95
0.61 0.80

Figures

Figure 1
IMLA method workflow. Training and testing steps are outlined in continuous lines, and new genomes
prediction steps are outlined in dashes. Input and output cells are colored white. Gray cells represent
learning processes.
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Figure 2
Feature Importance.
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Figure 3
ALE Plots for each feature
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Figure 4
Shapley summary plot. x-axis: original variable value. y-axis: shap value.each blue dot is a row.

Figure 5
Shapley model explainer
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Figure 6
Shapley individual prediction explainer
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