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Background

16S sequencing results are often used for Machine Learning (ML) tasks. 16S gene sequences are represented as feature counts, which are associated with taxonomic representation. Raw feature counts may not be the optimal representation for ML.



Methods

We checked multiple preprocessing steps and tested the optimal combination for 16S sequencing-based classification tasks. We computed the contribution of each step to the accuracy as measured by the Area Under Curve (AUC) of the classification.



Results

We show that the log of the feature counts is much more informative than the relative counts. We further show that merging features associated with the same taxonomy at a given level, through a dimension reduction step for each group of bacteria improves the AUC. Finally, we show that z-scoring has a very limited effect on the results.



Conclusions

The prepossessing of microbiome 16S data is crucial for optimal microbiome based Machine Learning. These preprocessing steps are integrated into the MIPMLP - Microbiome Preprocessing Machine Learning Pipeline, which is available as a stand-alone version at: https://github.com/louzounlab/microbiome/tree/master/Preprocess or as a service at http://mip-mlp.math.biu.ac.il/Home Both contain the code, and standard test sets.
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Background

Recent studies of 16S rRNA gene-sequences through next-generation sequencing have revolutionized our understanding of the microbial community composition and structure. 16S rRNA gene sequences are often clustered into Operational Taxonomic Units (OTUs) in QIIME I or features/ASV (Amplicon Sequence Variants) in QIIME II, based on sequence similarities. An OTU/ASV is an operational definition used to classify groups of closely related sequences. However, the term OTU/ASV is also used in a different context and refers to clusters of (uncultivated or unknown) organisms, grouped by DNA sequence similarity of a specific taxonomic marker gene (1). In other words, OTU/ASVs are pragmatic proxies for “species” (microbial or metazoan) at different taxonomic levels, in the absence of traditional systems of biological classification as are available for macroscopic organisms. Although OTU/ASVs (further denoted features) can be calculated differently when using different algorithms or thresholds, Schmidt et al. recently demonstrated that microbial features were generally ecologically consistent across habitats and several feature clustering approaches (2). OTU/ASV picking is the assignment of observed gene sequences to operational taxonomic units, based on the similarity between them and the reference gene sequences. The similarity percentage is user-defined (97% in QIIME I (3) and 99% in QIIME II (4)). This process has been an important step in the common pipeline for microbiome analysis. However, it may cluster components with different behaviors into the same unit, hiding component-specific patterns. There are many algorithms for OTU clustering such as: SortMeRNA (5), SUMACLUST (6), and swarm (7). In this paper, both QIIME I and QIMME II were tested for feature picking and the creation of an appropriate taxonomy. The results were similar for both methods.

An important use of Microbiome samples is the development of Microbiome based Biomarkers (Mic-Markers), using Machine Learning (ML) tools. An important limitation of using bacterial features in machine learning is the feature hierarchy. The feature hierarchy is difficult to process and analyze due to the sparsity of the feature table (i.e. high number of the bacteria with 0 values in any typical samples). Moreover, even the limited number of observed features may be inflated due to errors in DNA sequencing (8).

Many applications of supervised learning methods, in particular Random Forests (RF), Support Vector Machines (SVM), Neural networks, and Boosting, and have been applied successfully to a large set of microbiota classification problems (9–16). However, little attention has been devoted to the proper way to integrate information from different hierarchical levels.

In different domains, Feature selection can be done by filtering methods, wrapper methods, or embedding methods (12). Recent work on microbiota/metagenome classification, such as Fizzy (17) and MetAML (18), utilize standard feature selection algorithms, not capitalizing on the evolutionary relationship and the resulting hierarchical structure of features.

Fizzy implements multiple standard Information-theoretic subset selection methods (e.g. JMI, MIM, and mRMR from the FEAST C library), NPFS, and Lasso. MetAML performs microbiota or full metagenomic classification, which incorporates embedded feature selection methods, including Lasso and ENet, with RF and SVM classifiers.

These more generic approaches can be improved using methods explicitly incorporating the details of the taxonomy, such as Hierarchy Features Engineer (HFE) (19). HFE uses all the taxonomy level and discards redundant features based on correlation and Information Gain (IG).

The goal of HFE was to formalize feature selection by systematically and reproducibly searching a suitable hypothesis space. Given a hierarchy of taxonomies, represented as a network where lower taxonomic (less detailed taxonomy) levels point to all the higher-level features belonging to the same lower taxonomic level, HFE is composed of 4 phases. 1) Consider the relative abundances of higher-order taxonomic units ik as potential features by summing up the relative abundances of their features they point to in a bottom-up tree traversal. 2) For each parent-child (low to high taxonomy) pair in the hierarchy, the Pearson correlation coefficient ρ is calculated between the parent and child feature frequencies over all samples. If ρ is greater than a predefined threshold of θ, the child node is discarded. Otherwise, the child node is kept as part of the hierarchy, 3) Based on the nodes retained from the previous phase, all paths are constructed from the leaves to the root (i.e., each feature’s lineage). For each path, the IG of each node on the path is calculated with respect to the labels/classes L. Then the average IG is calculated and used as a threshold to discard any node with a lower IG score or an IG score of zero. 4) The fourth phase deals with incomplete paths. In this phase, any leaf with an IG score less than the global average IG score of the remaining nodes from the third phase or an IG score of zero is removed. HFE is currently the algorithms incorporating the most information on the hierarchy, but it is a complex and computationally expensive approach.

Beyond the hierarchy, the ratio of sample number to feature number is of importance. In ML classification problems in general and in feature-based classifications that involve learning a “state-of-nature” from a finite number of data samples in a high-dimensional feature space, with each feature having a range of possible values, typically a large number of training samples is required to ensure that there are several samples with each combination of non-zero values (20). This is typically not the case in feature-based ML.

A related, yet different issue is the input distribution. Many ML methods prefer a Gaussian distribution of input features. However, in features, a significant number of features have 0 values in many samples.

To address all these issues, We propose a general pre-processing algorithm for 16S rRNA gene sequencing-based machine learning, named MIPMLP (Microbiome Preprocessing Machine Learning Pipeline). The design principles of MIPMLP are:

	Optimization of machine learning precision, as measured here by Area under Curve (AUC) of binary classifiers.

	Ease of implementation.

	Explicit incorporation of detailed taxonomy in the analysis.

	Minimization of the number of tunable free parameters to avoid over-fitting to a specific dataset/task.



MIPMLP deals with the curse of dimensionality, skewed distribution, and feature frequency normalization. Different ML methods may obtain better accuracy with other feature selection pipeline. The advantage of this pipeline is that it can be used easily and it is not relying on labels like the HFE method (19). Another advantage is that this pipeline can be used for every hierarchical feature representation task.

MIPMLP is available through an open GIT at

https://github.com/louzounlab/microbiome/tree/master/Preprocess, and through a server at http://mip-mlp.math.biu.ac.il/Home



Methods

MIPMLP proposes a pre-processing method based on three steps. Each step consists a choice from multiple options (Figure 1). The first step is the taxonomy level used for the representation and the taxonomy grouping method for the grouping step. The second step is a standardization step where one first decides if a log scale is performed or a relative normalization. The last step is a dimensions reduction step that specifies if a dimension reduction is performed, and if so which of PCA and ICA is performed.




Figure 1 | Pipeline process diagram. The input is an OTU/ASV table and the appropriate taxonomy. The features are merged to a given taxonomic level. We tested three possible merging methods: Sum, Average and a PCA on each sub-group of features. Following the merging, we performed either a log scaling or a relative scaling. Following scaling, we performed z scoring on either bacteria or samples or both, and finally, we tested whether performing a dimension reduction on the resulting merged and normalized features improves the accuracy of predictions.




Data Sets


IL1α

We investigated the connection between IL1α expression, microbiota composition, and clinical outcomes of induced colitis by using wild type and IL1α deficient (14).



Mucositis

In a collaboration with Sheba Medical Center, we serially collected 625 saliva samples from 184 adult allogeneic hematopoietic stem cell transplantation recipients and found microbial and metabolic signature associated with oral mucositis at different time points before and after the transplantation (21).



Progesterone

We demonstrated the dramatic shift in the gut microbial composition of women and mice during late pregnancy, including an increase in the relative abundance of Bifidobacterium. We showed the direct effect of progesterone elevation during late pregnancy on increased levels of Bifidobacteria (15).




Taxonomy Grouping

MIPMLP uses a taxonomy sensitive dimension reduction by grouping the bacteria at a given taxonomy level. All features with a given representation at a given taxonomy level were grouped and merged using different methods. We used three different taxonomy levels to group by (Order, Family, Genus). Three methods were used for the grouping stage:

	Average of all the grouped features.

	Sum of all the grouped features.

	Merged using PCA following normalization, with a PCA on each group. Basically, all samples belonging to the same group are projected independently. We then use the projection on the PCs with the highest variance, explaining at least half the variance as the representation of the group, using the following algorithm:





Normalization and Standardization

Following grouping by any of the algorithms above, we tested two different distribution normalization methods. The first approach was to log (10 base) scale the features element-wise

 

where ϵ is a minimal value to prevent log of zero values. The second one was to normalize each bacteria through its relative frequency:

 

where n is the number of samples, i is the feature I.D. and j the sample I.D.

Following the log-normalization, we have tested four standardization possibilities: 1) No standardization, 2) Z-score each sample, 3) Z-score each bacteria, 4) Z-score each sample, and Z-score each bacteria (in this order).

When performing relative normalization, we either did not standardize the results or performed only a standardization on the bacteria (i.e. options 1 and 3 above).

A Z-score is defined as:

 

where μ is for the mean and σ is the standard deviation. (i.e. when applying a Z-score sample wise the mean is the mean of all the bacteria for one given sample. When applying Z-score bacteria wise the mean is the mean of all the samples for a given bacteria).



Dimension Reduction

PCA (22) and ICA (23) are dimensions reduction methods. While PCA is based on variance, ICA is based on Independence. After taxonomy grouping, normalization and standardization, we applied PCA, ICA, or none of them. The cut-off used for the accumulated variance was 0.7, and the same number of components were used for the ICA algorithm. In this paper Scikit-Learn.PCA and Scikit-Learn.FastICA were used as a coding framework (24).



Machine Learning

To evaluate the different configuration, we used three different classifiers: 1) An SVM (25), linear classifier (with Scikit-Learn.svm.SVC) with a box-constraint of 0.1. 2) XGBOOST (26) with binary decision trees as the weak classifier with nestimators = 100, γ = 0.5 and MinimumChildweight = 3, and 3) An Artificial Neural Network (ANN) (27) a feed forward network with two hidden layers. The first hidden layer of size 100. The second hidden layer had 100 neuron. The first activation function was ReLU (28) and the second activation function was a Sigmoid (29). We used an Adam optimizer (30), with Learningrate = 0.005 and BCE (Binary Cross Entropy) loss function with Batchsize = 16.

The accuracy of all results was measured through the test set Area Under Curve (AUC) with ten-fold cross-validation. Note that the goal here is not to tune the hyperparameters of the learning, but rather to propose a pre-processing approach.



Regression Model

To measure the contribution of each parameter of every step of the pipeline. For each classification method (SVM, XGBOOST, Neural Network), we regressed the test AUC on a one-hot representation of each specific pipeline configuration (unification level, method, normalization….) and calculated the AUC for the configuration. All the options were converted to a One-Hot vector representation so that each choice has a distinct coefficient. We then trained a multivariate linear regression on the train data set to predict the AUC for every configuration (i.e. each row in the table stand for a different pre-process). The coefficients of the linear regression model were used to measure the contribution of each parameter to the pipeline. The linear regression can be described as:

 

where xi is a binary input (0 if the parameter i was not used, 1 if the parameter i was used), βi is the coefficient of parameter xi (e.g. xtaxonomy level five = 1 means that the union taxonomy level was the family level) and   for predicted AUC.

Finally we subtracted the mean of the coefficients of every pre-processing step from each coefficient in the same step e.g.

	

and used the βtaxonomy level k as the contribution coefficient to the predicted AUC.

Algorithm 1sub-PCA

Set a level of taxonomy (e.g. genus).

For each taxonomy at the current level:

Group all features consistent with this taxonomy.

Perform PCA on this group.

Add the first components from the PCA to the new bacteria table. The first components are the ones explaining at least half the variance.




Results

MIPMLP is a pipeline for 16S feature values pre-processing before machine learning can be used for classification tasks. To estimate the effect of different pre-processing steps coherently, we have studied multiple classification tasks. For each classification task, we used multiple machine learning algorithms. The algorithms’ hyper-parameters were not tuned, since the goal was not to optimize the ML, but the pre-processing. As described in the method section, MIMLP contains four stages (Figure 1):

	Merging of similar features based on the taxonomy.

	Scaling the distribution.

	Standardization to z scores.

	Dimension reduction.



Following all these stages, a binary classification task was performed (see method section). We then computed for each data-set and each classification method the accuracy of the classification, through the AUC (Area Under ROC curve) the ROC curve is created by plotting the TPR (true positive rate - sensitivity) against the FPR (false positive rate - 1-specificity) at various threshold settings (Figure 2). The average AUC for each task was computed using 5-fold cross-validation (i.e. split the data with test size of 20% and average 5 splits). The training/test division was fixed among classification tasks for each data-set.




Figure 2 | Upper plot typical ROC and the effect of preprocessing. The right plot is using the sub-PCA merging method, while the left plot us using the average merging method. The right upper plot has a higher AUC than the left one. Middle plots - average AUC defined as average AUC using one feature (e.g. one taxonomy level) and all other combinations (e.g. merging methods, normalization etc). Lower plot - Predicted AUC in linear regression vs real linear regression.



the first step of MIPMLP involves two choices, the first one is the taxonomy level and the second is taxonomy grouping type (Figure 1 third row):

	1. The taxonomy levels used for merging are Order, Family, and Genus. We did not analyze at the species level, since this consistently gave worse results than lower levels (less detailed taxonomy).

	2. The methods of merging. Three different methods were tested:

	a. Sum of all features associated with a given bacteria (at the level chosen above).

	b. Average of all features associated with a given bacteria, as above.

	c. A more complex approach was to reproduce the variability in each level, by performing a dimension reduction on all samples and all features associated with a bacteria, and representing the bacteria by the projections reproducing almost half the variance. Note that this method was performed after scaling (to have a normal input distribution for the PCA).



The second step involves two choices of scaling. The first one being relative scaling, which is currently the standard in most studies - the division of each feature frequency by the sum over all feature frequencies in the same sample. An alternative approach is scaling all feature frequencies to a logarithmic scale. Since a large number of features have 0 frequency in many samples. A minimal value (ϵ = 0.1) was added to each frequency.

The third step involves normalization. There are two main arguments for normalization. To ensure that all features entering the machine learning have equal average and variance. This could be obtained by z-scoring each feature to zero average and unity variance. An alternative normalization would be to ensure that differences in the amount of genetic material would not affect the results. This would require a z-scoring over the samples. Finally one could propose doing both types of z-scoring. We have tested all three possibilities.

The last step of the analysis was to perform dimension reduction over the resulting projections. We tested three options: 1) No dimension reduction, 2) PCA, 3) ICA.

To exemplify how we test the combination of pre-processing steps, we follow an example in one dataset and one learning method.


Example on Mucositis Prediction Prognosis From Pre-Transplant Microbiome Samples

Let us follow the analysis for an Artificial Neural Network (ANN) based prediction of the emergence of Mucositis following bone marrow transplant in leukemic patients (21). We present the differences between the configuration in every pre-processing steps through their influence on the prediction precision. We focus in this section on the Mucositis prediction and ANN. Similar results were achieved using other data sets and classifiers, as further detailed below.

To test that the pre-processing indeed affects the test-set AUC value, we tested all possible combinations of all pre-processing steps. For each combination, we averaged the AUC over all training/test divisions (Figure 2 upper plots). We then evaluated the AUC obtained using a specific value in a given step, and all options in all other steps (Figure 2 middle plots). For example, to estimate the expected accuracy when using a genus-level representation, we averaged the AUC Of all evaluations using a genus-level representation, and all possibilities on all other choices. One can see that for the ANN and the Mucositis prediction that making a taxonomy grouping of sub-PCA (the novel method presented here) and a genus based representation gives the optimal AUC. Using family or Order taxonomy levels decreases the AUC by 0.03-0.08, and using other methods than sub-PCA decrease the AUC by0.05. Similarly, using a logarithmic normalization and z scoring both columns and rows is the optimal approach for this dataset on average. However, the effect of Z-scoring is minimal. One can further see that any dimension reduction reduces the test set accuracy, but there is no clear difference between ICA and PCA. These results are similar to the results obtained using more rigorous methods as follows.

To address the effect of combinations of pre-processing steps and their inter-dependence, we used a regression-based approach, where the contribution of each step to the test set accuracy is represented by its coefficient in the regression. This is performed by representing the set of options via a one-hot representation, and performing a linear regression of the test set average AUC (averaged over cross-validations) over the one-hot vectors. The resulting coefficients are not unique (since the one-hot representation matrix is not full rank). Thus, to compute the relative effect, we normalized the average effect of the interchangeable coefficient to 0 (for example the representation level, or the dimension reduction). To test that such a correlation can give meaningful results, we computed the expected and observed test AUC in the ANN Mucositis prediction (Figure 3). Indeed the real AUCs are tightly correlated. The resulting coefficients can be used to assess the effect of a pre-processing step. We then applied the same method to all data-sets and all learning methods.




Figure 3 | Linear regression coefficient for SVM classifier. Coefficients are the contribution of a choice to the total AUC. Each group of coefficients is marked by a different color and normalized to 0. The following two figures follow this figure, but for different classifiers. The regression is over all parameter combinations, including the choice of taxonomy level (red), the grouping method (blue), the dimension reduction method (purple) and the normalization method (green). Since not all normalization and standardization methods are possible, we opened all tested combinations.





Comparison of Different Data-Sets and Learning Methods

To test the effect of the pre-processing in general and with different ML frameworks, We computed the regression coefficients for each data set and each ML methods. We present the distribution of coefficients of every data set in a box-plot, for each classifier separately (Figures 4–6).




Figure 4 | Linear regression coefficient for XGBosot classifier.






Figure 5 | Linear regression coefficient for MLP classifier.






Figure 6 | HFE and MIPMLP mean AUC with standard errors bar. Shaded bars are training set and full bars are test set. Error bars are standard errors. The y axis is AUC. Different groups of bars are different datasets.



The results are highly consistent among the different learning methods, with the following conclusions:

	The main effect is the effect of normalization. Relative normalization reduces the AUC on average by more than 0.05 compared with log scaling the data.

	A Genus taxonomy level representation is typically the best, and reducing to lower orders can further reduce AUC by 0.02-0.03.

	All dimension reduction algorithms reduce the AUC by around 0.02.

	The sub-PCA method to merge features increases the AUC by 0.01-0.02 compared with the sum or the average.

	Z-Scoring has a minimal effect, and the precise Z-scoring performed is of limited importance.



We thus suggest that feature data should be pre-processed at the Genus taxonomy level with log scaling, using the sub-PCA algorithm (presented in the method section), and no further dimension reduction. Note that the cumulative addition of approximately 0.1 by this combination may be crucial for many ML applications.

Another much more complex algorithm for microbiome ML pre-processing is the HFE algorithm that was suggested in (19). To compare MIPMLP and HFE, we used an SVM classifier with a box constraint of 0.01 and a linear kernel, we tested the results on 5 different data sets each of them was split with 7-fold cross-validation. As can be seen in Figure 6, HFE tends to over-fit very easily. we can assume that the reason for that is that HFE is based on train labels for computing thresholds and correlation at the pre-processing step, before the learning methods. Also, in general, for MIPMLP and HFE the AUC values are relatively close, but MIMLP is much simpler and computationally effective.




Conclusion

We have presented here MIPMLP a computationally efficient framework to pre-process 16S feature values for ML based classification tasks. While MIPMLP allows for multiple choices at each stage of the pre-processing, a consensus method emerges which typically gives the optimal AUC, which is:

	Use a Genus level representation.

	Perform a log-transform of the samples.

	Merge all features belonging to the same genus through a PCA on these specific features.

	Do not perform other dimension reductions.

	Z-scoring has a minimal effect if any on the results.



The importance of the log-transform suggests that the information of the most abundant species is limited. Instead, the relative change in the frequency of all species, even rare ones should be used. The genus-level presentation suggests that the prediction is not based on any specific bacteria, but rather on some more general aspects, such as the metabolite usage and production, or the association with inflammation (21). Finally, the need for PCA instead of average/sum when merging a genus, suggests that treating all features are equal is sub-optimal. Instead, features contributing to the variance between samples should receive more importance.



Discussion

The microbiome is now widely used as a biomarker (mic-marker) in the context of ML-based classification tasks. However, very limited attention was given to the optimal representation of 16S based features for such classification tasks. While features are used as a representation of species, in reality, a feature is an abstract representation of bacteria clustered based on the similarity of one protein. As such, we propose that a higher level of representation would give a higher accuracy in ML tasks. We then propose a formalism to integrate feature expression levels for such a representation.

Similarly, the expression level in sequencing experiments is not a direct measure of the number of bacteria, but instead the result of multiple experimental and computational stages, including the extraction of the genetic material, primer specific PCR amplification (31), and computational sequence quality control. Our results suggest that comparing the absolute feature frequencies (or relative frequencies) in different experiments leads to lower accuracy than measuring the fold change, as expressed by differences in the logged frequencies. Indeed, in most of our recent results (14, 16, 21, 32), we found that such a log normalization is essential.

As many non-computational scientists are now entering the field of ML in microbiome studies, we believe that MIPMLP will help standardize the use of ML in microbiome studies. We feel that the processing steps described throughout the manuscript will allow for better prognosis and diagnosis as they focus on the common features in the microbiome at different taxonomic levels. Employing such an approach as we described here will allow moving microbiome-based prediction of disease states from bench to bedside.



Data Availability Statement

The original contributions presented in the study are included in the article/supplementary material. Further inquiries can be directed to the corresponding author.



Author Contributions

YJ and YL wrote the paper. YL devised the algorithm. AB and MB invented two of the algorithms. OK supplied the data and helped in writing. All authors contributed to the article and approved the submitted version.



Acknowledgments

OK and YL acknowledge the Food IoT grant and the Bar Ilan DSI grant. We further thank Dr Roni Shoval for the Mucositis data used here.



References

1. Blaxter, M, Mann, J, Chapman, T, Thomas, F, Whitton, C, Floyd, R, et al. Defining Operational Taxonomic Units Using DNA Barcode Data. Philos Trans R Soc London Ser B Biol Sci (2005) 360:1935–43. doi: 10.1098/rstb.2005.1725

2. Schmidt, TS, Rodrigues, JFM, and Von Mering, C. Ecological Consistency of Ssu Rrna-Based Operational Taxonomic Units At A Global Scale. PloS Comput Biol (2014) 10(4). doi: 10.1371/journal.pcbi.1003594

3. Caporaso, JG, Kuczynski, J, Stombaugh, J, Bittinger, K, Bushman, FD, Costello, EK, et al. Qiime Allows Analysis of High-Throughput Community Sequencing Data. Nat Methods (2010) 7(5):335–6. doi: 10.1038/nmeth.f.303

4. Bolyen, E, Rideout, JR, Dillon, MR, Bokulich, NA, Abnet, CC, Al-Ghalith, GA, et al. Reproducible, Interactive, Scalable and Extensible Microbiome Data Science Using Qiime 2. Nat Biotechnol (2019) 37(8):852–857. doi: 10.1371


5. Kopylova, E, Noé, L, and Touzet, H. Sortmerna: Fast and Accurate Filtering of Ribosomal RNAs in Metatranscriptomic Data. Bioinformatics (2012) 28(24):3211–3217. doi: 10.1093/bioinformatics/bts611

6. Mercier, C, Boyer, F, Bonin, A, and Coissac, E. Sumatra and Sumaclust: Fast and Exact Comparison and Clustering of Sequences. In: Programs and Abstracts of the SeqBio 2013 Workshop. ACM (2013). 27–9. Citeseer.

7. Mahé, F, Rognes, T, Quince, C, de Vargas, C, and Dunthorn, M. Swarm: Robust and Fast Clustering Method for Amplicon-Based Studies. PeerJ (2014) 2:593. doi: 10.7717/peerj.593

8. Kunin, V, Engelbrektson, A, Ochman, H, and Hugenholtz, P. Wrinkles in the Rare Biosphere: Pyrosequencing Errors Can Lead to Artificial Inflation of Diversity Estimates. Environ Microbiol (2010) 12(1):118–123. doi: 10.1111/j.1462-2920.2009.02051.x

9. Zeller, G, Tap, J, Voigt, AY, Sunagawa, S, Kultima, JR, Costea, PI, et al. Potential of Fecal Microbiota for Early-Stage Detection of Colorectal Cancer. Mol Syst Biol (2014) 10(11):766. doi: 10.15252/msb.20145645

10. Papa, E, Docktor, M, Smillie, C, Weber, S, Preheim, SP, Gevers, D, et al. Non-Invasive Mapping of the Gastrointestinal Microbiota Identifies Children With Inflammatory Bowel Disease. PloS One (2012) 7(6). doi: 10.1371/journal.pone.0039242

11. Werner, JJ, Knights, D, Garcia, ML, Scalfone, NB, Smith, S, Yarasheski, K, et al. Bacterial Community Structures are Unique and Resilient in Full-Scale Bioenergy Systems. Proc Natl Acad Sci (2011) 108(10):4158–63. doi: 10.1073/pnas.1015676108

12. Knights, D, Costello, EK, and Knight, R. Supervised Classification of Human Microbiota. FEMS Microbiol Rev (2011) 35(2):343–59. doi: 10.1111/j.1574-6976.2010.00251.x

13. Beck, D, and Foster, JA. Machine Learning Techniques Accurately Classify Microbial Communities by Bacterial Vaginosis Characteristics. PloS One (2014) 9(2). doi: 10.1371/journal.pone.0087830

14. Nunberg, M, Werbner, N, Neuman, H, Bersudsky, M, Braiman, A, Ben-Shoshan, M, et al. Interleukin 1-Deficient Mice Have an Altered Gut Microbiota Leading to Protection From Dextran Sodium Sulfate-Induced Colitis. MSystems (2018) 3(3). doi: 10.1128/mSystems.00213-17

15. Nuriel-Ohayon, M, Neuman, H, Ziv, O, Belogolovski, A, Barsheshet, Y, Bloch, N, et al. Progesterone Increases Bifidobacterium Relative Abundance During Late Pregnancy. Cell Rep (2019) 27(3):730–736. doi: 10.1016/j.celrep.2019.03.075

16. Feres, M, Louzoun, Y, Haber, S, Faveri, M, Figueiredo, LC, and Levin, L. Support Vector Machine-Based Differentiation Between Aggressive and Chronic Periodontitis Using Microbial Profiles. Int Dental J (2018) 68(1):39–46. doi: 10.1111/idj.12326

17. Ditzler, G, Morrison, JC, Lan, Y, and Rosen, GL. Fizzy: Feature Subset Selection for Metagenomics. BMC Bioinf (2015) 16(1):358. doi: 10.1186/s12859-015-0793-8

18. Pasolli, E, Truong, DT, Malik, F, Waldron, L, and Segata, N. Machine Learning Meta-Analysis of Large Metagenomic Datasets: Tools and Biological Insights. PloS Comput Biol (2016) 12(7). doi: 10.1371/journal.pcbi.1004977

19. Oudah, M, and Henschel, A. Taxonomy-Aware Feature Engineering for Microbiome Classification. BMC Bioinf (2018) 19(1):227. doi: 10.1186/s12859-018-2205-3

20. Theodoridis, S, and Koutroumbas, K. Pattern Recognition and Neural Networks. In: Advanced Course on Artificial Intelligence. Heidelberg Germany: Springer (1999). p. 169–95.

21. Shouval, R, Eshel, A, Dubovski, B, Kuperman, AA, Danylesko, I, Fein, JA, et al. Patterns of Salivary Microbiota Injury and Oral Mucositis in Recipients of Allogeneic Hematopoietic Stem Cell Transplantation. Blood Adv (2020) 4(13):2912–7. doi: 10.1182/bloodadvances.2020001827

22. Karl Pearson, FRS. Liii. on Lines and Planes of Closest Fit to Systems of Points in Space. London Edinburgh Dublin Philos Mag J Sci (1901) 2(11):559–72. doi: 10.1080/14786440109462720

23. Comon, P. Independent Component Analysis, A New Concept? Signal Process (1994) 36(3):287–314. doi: 10.1016/0165-1684(94)90029-9

24. Pedregosa, F, Varoquaux, G, Gramfort, A, Michel, V, Thirion, B, Grisel, O, et al. Scikit-Learn: Machine Learning in Python. J Mach Learn Res (2011) 12:2825–30.

25. Cortes, C, and Vapnik, V. Support Vector Machine. Mach Learn (1995) 20(3):273–97. doi: 10.1007/BF00994018

26. Chen, T, He, T, Benesty, M, Khotilovich, V, and Tang, Y. Xgboost: Extreme Gradient Boosting. R Package Version (2015) 0:4-2, 1–4. doi: 10.1145/2939672

27. McCulloch, WS, and Pitts, W. A Logical Calculus of the Ideas Immanent in Nervous Activity. Bull Math Biophys (1943) 5(4):115–133. doi: 10.1007/BF02478259

28. Glorot, X, Bordes, A, and Bengio, Y. Deep Sparse Rectifier Neural Networks. In: Proceedings of the Fourteenth International Conference on Artificial Intelligence and Statistics. ACM (2011). p. 315–23.

29. Han, J, and Moraga, C. The Influence of the Sigmoid Function Parameters on the Speed of Backpropagation Learning. In: International Workshop on Artificial Neural Networks. Heidelberg Germany: Springer (1995). p. 195–201.

30. Kingma, DP, and Ba, J. Adam: A Method for Stochastic Optimization. arXiv (2014) 69(3):473–86. preprint arXiv:1412.6980.

31. Goodrich, JK, Di Rienzi, SC, Poole, AC, Koren, O, Walters, WA, Caporaso, JG, et al. Conducting A Microbiome Study. Cell (2014) 158(2):250–62. doi: 10.1016/j.cell.2014.06.037

32. van derGiessen, J, Binyamin, D, Belogolovski, A, Frishman, S, Tenenbaum-Gavish, K, Hadar, E, et al. Modulation of Cytokine Patterns and Microbiome During Pregnancy in Ibd. Gut (2020) 69(3):473–486. doi: 10.1136/gutjnl-2019-318263



Conflict of Interest: The authors declare that the research was conducted in the absence of any commercial or financial relationships that could be construed as a potential conflict of interest.

Copyright © 2021 Jasner, Belogolovski, Ben-Itzhak, Koren and Louzoun. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner(s) are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.


OEBPS/Images/fimmu-12-677870-g003.jpg
SV COEWCIE

005 *

0.0,

-015

RO 9?2:,(5 P09 0 \0 o ol w‘lw w« ol

P q&\a‘wq‘ - ,\.,«‘1;% W e o
St ety $¢\'a“ ,‘\«





OEBPS/Images/M4.jpg
Po+ Praxanomyievet  Xiaxonomyieved + -+ + Prca - Xpca

+ Nokse, ()






OEBPS/Images/M2.jpg
@)






OEBPS/Text/toc.xhtml


  

    Table of Contents



    

		Cover



      		

        Microbiome Preprocessing Machine Learning Pipeline

      

        		

          Background

        



        		

          Methods

        



        		

          Results

        



        		

          Conclusions

        



        		

          Background

        



        		

          Methods

        

          		

            Data Sets

          

            		

              IL1α

            



            		

              Mucositis

            



            		

              Progesterone

            



          



          



          		

            Taxonomy Grouping

          



          		

            Normalization and Standardization

          



          		

            Dimension Reduction

          



          		

            Machine Learning

          



          		

            Regression Model

          



        



        



        		

          Results

        

          		

            Example on Mucositis Prediction Prognosis From Pre-Transplant Microbiome Samples

          



          		

            Comparison of Different Data-Sets and Learning Methods

          



        



        



        		

          Conclusion

        



        		

          Discussion

        



        		

          Data Availability Statement

        



        		

          Author Contributions

        



        		

          Acknowledgments

        



        		

          References

        



      



      



    



  



OEBPS/Images/crossmark.jpg
©

2

i

|





OEBPS/Images/fimmu-12-677870-g002.jpg
. Cross Vatdation ROC of costis NewrlNetwork . Cros Valdation ROC of costis Newr! Network






OEBPS/Images/fimmu-12-677870-g006.jpg
HFE vs MIPMLP

| | ‘ ‘ ‘ I ‘ | |
s —8 | | - |
03
02
01
o

Atersy Premaney Mocoids Progesterone s

i S S s S





OEBPS/Images/fimmu-12-677870-g004.jpg
OGO CoyTCe

006

008

e ‘w"‘#“?ﬁ“ Gt O dwﬁﬁolw
Pw“" - M‘ww» et





OEBPS/Images/M3.jpg
®






OEBPS/Images/logo.jpg
’ frontiers
in Immunology





OEBPS/Images/im1.jpg





OEBPS/Images/fimmu.2021.677870_cover.jpg
’ frontiers
in Immunology

Microbiome Preprocessing
Machine Learning Pipeline





OEBPS/Images/M1.jpg
Xij — ogolx;; +€)





OEBPS/Images/fimmu-12-677870-g001.jpg





OEBPS/Images/fimmu-12-677870-g005.jpg
—_—

0.050

0100

0125

e o N
REC AT R et
et ﬁw\“’ Lty é"\lfv‘\"





OEBPS/Images/M5.jpg
Praonomy tevet four = Praonomy level four

{four, five, six}|





