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Abstract
Background: Naturally fermented milk (NFM) products are popular food delicacies in Indian states of
Sikkim and Arunachal Pradesh. Bacterial communities in these NFM products of India were previously
analysed by high-throughput sequence method. However, predictive gene functionality of NFM products
of India has not been studied. In this study, raw sequences of NFM products of Sikkim and Arunachal
Pradesh were accessed from NCBI database server. PICRUSt2 and Piphillin tools were applied to study
microbial functional gene prediction in combination with the commonly used error-corrected denoising
programs like DADA2 and Deblur.

Results: Significant functional hits were observed from the Piphillin analysis which included some
interesting pathways including GABAergic synapse, glutamatergic synapse and serotonergic synapse,
which are known to be probiotic-related, among others that are absent in PICRUSt2 analysis. This study
also showed the negative correlation of lactic acid bacteria (LAB) members (Lactococcus, Lactobacillus,
Leuconostoc) with most of the disease-related functions, which were on the other hand, positively
correlated with unwanted contaminants like Staphylococcus, Bacillus and Pseudomonas.

Conclusion: The study explored the potential of microbial functional gene prediction using PICRUSt2 and
Piphillin software, and indicated the significance of the presence of LAB in these NFM products of India.
Since most LAB members are known to be potential health-promoting bacteria, their negative correlation
to many of the disease-related functions also indicates their role in combatting unwanted potential
contaminants.

Background
Microbial functional gene prediction has been popularly studied using metagenomic gene prediction
tools in recent years [1]. Recently, PICRUSt2 (Phylogenetic Investigation of Communities by
Reconstruction of Unobserved States version 2) has been improved for metagenomic gene prediction
overcoming some of the limitations of its predecessor, PICRUSt and other similar pipelines [2]. Piphillin,
another alternative tool, has also been improved to race with PICRUSt2 in gene functional prediction
analysis using 16S rRNA marker gene [3]. PICRUSt and Piphillin software have been applied in studying
functional gene prediction in fermented milk products [4, 5, 6, 7]. Introduction of error-corrected clustering
methods such as Divisive Amplicon Denoising Algorithm (DADA2) [8] and Deblur [9] have also replaced
the conventional clustering methods that define the traditional operational taxonomic units (OTUs). The
outputs from DADA2 denoising analysis are known as amplicon sequence variants (ASVs) by their
developers, whereas outputs from Deblur analysis are termed as sub-OTUs, and these are sometimes
collectively known as exact sequence variants (ESVs) [10]. These two denoiser programs have been
widely accepted in next-generation amplicon-sequencing analysis and are also implemented as
alternatives to each other in the QIIME2 analysis pipelines [11].
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Targeted gene amplicon sequencing has revolutionized the field of food microbial ecology [12, 13, 14, 15,
16]. High-throughput sequencing methods have been also widely used in many naturally fermented
products of North-East India [17, 18, 19, 20]. Naturally fermented milk (NFM) products are popular food
items in daily diets of ethnic people of Arunachal Pradesh and Sikkim in India which includes dahi, mohi,
gheu, soft-chhurpi, hard-chhurpi, dudh-chhurpi, chhu, somar, maa, philu, shyow, mar, chhurpi/churapi,
churkam and churtang/chhurpupu [21]. The 16S rRNA high-throughput sequence analysis of NFM
products of Arunachal Pradesh and Sikkim revealed the dominance of phylum Firmicutes with
predominated species of lactic acid bacteria Lactococcus lactis (19.7%) and Lactobacillus helveticus
(9.6%) and Leuconostoc mesenteroides (4.5%) and acetic acid bacteria: Acetobacter lovaniensis (5.8%),
Acetobacter pasteurianus (5.7%), Gluconobacter oxydans (5.3%), and Acetobacter syzygii (4.8%) [19].
Microbiota present in naturally fermented milk products harbour probiotic properties and impart several
heath-promoting benefits to consumers [22, 23, 24]. Moreover, predictive gene functionality in NFM
products of India has not been analysed yet. Hence, the present study is aimed to predict the microbial
functional content of 16S rRNA gene sequencing data of NFM products of India previously analysed by
high-throughput sequencing method [19], using PICRUSt2 and Piphillin software in addition to the
commonly used denoisers i.e., DADA2 and Deblur that are implemented in QIIME2 environment analysis
pipelines. We also compared the inferences tools PICRUSt2 and Piphillin in this study for functional
metagenome contents in NFM products.

Methods
Pre-analysis prior to predictive functionality analysis

Raw sequences of naturally fermented milk products of Arunachal Pradesh and Sikkim analysed by high-
throughput sequence method [19] were accessed from NCBI database server and were used in this study.
Raw reads were processed using QIIME2-2020.6 (https://docs.qiime2.org/2020.6/) [11]. The analyses
were divided into different categories based on the denoising methods and the bacterial databases used
for taxonomic assignment. The paired-end reads were first paired using PEAR (Paired-End reAd mergeR,
https://cme.h-its.org/exelixis/web/software/pear/) program [25] for Deblur analyis, prior to import of
reads into QIIME2 environment. Denoising was performed by using both alternative denoising programs
DADA2 [8] via qiime dada2 denoise-paired plugin and Deblur [9] via q2-Deblur denoise-16S plugin.
Quality-filtered sequences were clustered against Greengenes v13_8 [26] and SILVA v132 [27] databases
and followed by taxonomic assignment using q2-vsearch-cluster-features-closed-reference [28].
Predictive Functionality Analysis

(a) ICRUSt2 analysis (https://github.com/picrust/picrust2/wiki):

Quality-filtered clustered sequences were feed into PICRUSt2 algorithm [2], using via q2-vsearch-cluster-
features-closed-reference [28]. PICRUSt2 deduced the predictive functionality of the marker gene by using
a standard integrated genomes databases. Firstly, multiple assignment of the exact sequence variants
(ESVs) was done using HMMER (http://www.hmmer.org/). Placements of ESVs in the reference tree with
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evolutionary placement-ng (EPA-ng) algorithm [29] and Genesis Applications for Phylogenetic Placement
Analyses (GAPPA) omics [30] were applied. Prediction of gene families was run using a default castor R
package [31] with the default algorthim run (maximum parsimony). Metagenome prediction was run
using metagenome_pipeline.py [32] and the output features were compared to KEGG (Kyoto
Encyclopaedia of Genes and Genomes) database for systematic analysis of gene functions [33].

(b) Piphillin analysis (https://piphillin.secondgenome.com/):

Alternatively, predictive functionality was also inferred using Piphillin [3], a web-server analysis pipeline.
Clustered representative sequences (.fasta) and clustered abundance frequency table (.csv) denoised by
both DADA2 and Deblur outputs were used in the analysis. The workplan used in this study is represented
in Fig. 1.

Statistical Analysis And Data Visualization

Statistical analysis for significant features (pathways) was carried out using STAMP [34] and ANOVA
was used for testing of significance. Two sample groups comparison was also computed using two-
sided Welch's t-test in STAMP. Relative abundance representation of the top 45 predicted pathways of
both PICRUSt2 and Piphillin-generated pathways was plotted using MSEXCEL v365. Spearman’s
correlation of the bacteria and functionality was analyzed through Statistical Package for the Social
Sciences (SPSS) v20.

Results
Reliability of the metagenome predictions for PICRUSt2 analysis was based on the Nearest Sequenced
Taxon Index (NSTI). Average of 0.083 ± 0.07 NSTI scores observed in NFM products were analyzed. We
acquired about 1109 error-corrected ESVs from DADA2 method which was almost twice the number
resulted from deblur method i.e., 650. DADA2-clustered reads with SILVA database resulted in a
significant number of total ASVs (i.e., 268), whereas about 201 ASVs were resulted from clustering with
Greengenes database. On the other hand, a total of 231 sOTUs resulted from Deblur method clustered
with SILVA database and 188 sOTUs were acquired after clustered with Greengenes.

Predictive Pathways Inferred By Picrust2 And Piphillin

We observed the difference between PICRUSt2 algorithm and Piphillin pipeline only in the predictive
analysis results, where denoising (DADA2/Deblur) and clustering (Greengenes/SILVA) steps did not have
significant effect in the overall predictive gene function findings. The PICRUSt2 algorithm predicted about
151–152 pathways, whereas Piphillin predicted about 265–270 pathways (Table 1). Details of different
predictive metabolic pathways acquired from PICRUSt2 and Piphillin analysis are described in
Supplementary Table 1. Interestingly among others, Piphillin analysis showed some important pathways
that included GABAergic synapse, dopaminergic synapse, glutamatergic synapse, serotonergic synapse
which are absent in PICRUSt2 analysis (Supplementary Table 1).
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Table 1
Total number of predictive metabolic pathways analyzed by PICRUSt2 and Piphillin.

Methods Predictive metabolic pathways

DADA2-Greengenes-PICRUSt2 151

DADA2-SILVA-PICRUSt2 152

Deblur-Greengenes-PICRUSt2 151

Deblur- SILVA-PICRUSt2 151

DADA2-SILVA-Piphillin 265

DADA2-Greengenes-Piphillin 265

Deblur-SILVA-Piphillin 270

Deblur-Greengenes-Piphillin 270

Note: The methods are combined based on the denoisers, reference database (used for clustering)
and the predictive functionality analysis tools used.

 
Categorical Distribution Of The Overall Predictive Pathways

We observed a high active metabolic pathways harboured by the NFM products. PICRUSt2-predictive
categories involved metabolism (78.11% − 79.96%), genetic information processing (11.8% − 13.59%),
cellular processes (4.4% − 5.77%), environmental information processing (2.39% − 3.29%), human
diseases (0.25% − 0.43%), and organismal systems (0.18% − 0.28%) (Fig. 2a). Piphillin analysis showed a
similar pattern of predictive categories which included metabolism (73.57%-73.86%), genetic information
processing (11.62%-12.13%), environmental information processing (6.7%-7.21%), cellular processes
(3.17%-3.39%), human diseases (2.97%-2.99%), and organismal systems (1.15%-1.25%) (Fig. 2b).

Correlation Of Predominant Bacterial Genera With Predictive Pathways

As already mentioned, the highest number of ASVs retained was observed in DADA2-denoised reads
clustered with SILVA databases, which also resulted in a significant number of predictive pathways
(Table 1). Top 45 predictive pathways of both PICRUSt2 and Piphillin predictive pathways are represented
in Supplementary Figs. 1 and 2. DADA2-SILVA combination outputs were used for further hypothesis
testing of significant pathways. Significant PICRUSt2-predictive pathways compared among different test
groups are shown in Supplementary Tables 2,3,4 and 5 and that of Piphillin-significant predictive
pathways are shown in Supplementary Tables 6 and 7. A total of 104 significant pathways from
PICRUSt2-predictive analysis were recorded; and 81 predicted pathways were found to be significant
through Piphillin analysis using STAMP. Spearman’s rank correlation analysed through SPSS showed a
significant correlation of predominant bacterial genera with significant pathways. Overall, complex
positive and negative correlations were observed among the predominant bacteria with the significant
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pathways (Supplementary Tables 8 and 9). However, most of the pathways were related to common
metabolic pathways.

We observed a negative correlation of Lactococcus (most dominant genus in NFM products of Arunachal
Pradesh and Sikkim) with some of the disease-related pathways including biofilm formation - Vibrio
cholerae, Chagas disease, pathogenic Escherichia coli infection, pathways in cancer and Staphylococcus
aureus infection by PICTRUSt2 analysis (Fig. 3). Lactobacillus and Leuconostoc were also negatively
correlated to some of the aforementioned pathways (Fig. 3). On the other hand, we observed a positive
significant correlation of primary bile acid biosynthesis with Lactobacillus, Leuconostoc, Staphylococcus,
Bacillus and Enterococcus (Fig. 3). Contrastingly, Pseudomonas and Staphylococcus showed a positive
correlation to some disease-related pathways: Chagas disease. By Piphillin-analysis, we observed a
significant positive correlation of African trypanosomiasis, Alzheimer disease, Chagas disease,
Legionellosis, Parkinson disease, Pertussis with Acinetobacter and Pseudomonas with pathways in
cancer (Fig. 4). Similarly, we observed a negative correlation of Lactococcus (most dominant genera)
with some of the disease-related pathways including African trypanosomiasis, Alzheimer disease, biofilm
formation - Pseudomonas aeruginosa, Chagas disease, chemical carcinogenesis, choline metabolism in
cancer, Parkinson disease, pathways in cancer, pertussis, hepatocellular carcinoma etc. Lactobacillus and
Leuconostoc also showed negative correlation on some of the disease-related pathways (Fig. 4). A
significant positive correlation of Lactobacillus with glutamatergic synapse was observed.
Staphylococcus, Bacillus and Pseudomonas showed predictive regulation on almost all the disease-
related pathways (Fig. 4).

Discussion
It was observed that deblur-denoised reads were lesser compared to that of DADA2-denoised reads, since
deblur requires the length of the sequences should be of equal lengths and paired-end reads be merged
before the denoising process [9]. Short sequences below the desired cut-off length were automatically
discarded during deblur analysis, whereas raw reads of DADA2 were directly merged, denoised with
chimera-free variable length ASVs. However, we could not find significant differences between DADA2 or
deblur-denoised reads used for both PICRUSt2 and Piphillin in this study. As per the predictive
functionality analysis, there were significant numbers of Piphillin-predictive pathways in respect to that of
PICRUSt2. The Piphillin pipeline outperforms PICRUSt2 with 19% greater balanced accuracy and 54%
greater precision [3]. This difference may be due to the methods implemented by both the algorithms.
PICRUSt2 uses the hidden state prediction to infer genomic content based on genome position in a
reference phylogenetic tree [2]. Piphillin, on the other hand, predicts metagenomic content via nearest-
neighbour matching between 16S rRNA gene amplicons and genomes from reference databases (i.e.,
KEGG or BioCyc) [3]. Till date, there is no specific metagenome database for NFM products for such
analysis. Moreover, 16S rRNA marker gene serves as a structural gene, functional inferences from such
genes are mere prediction based on the algorithm and the databases used. Hence, the combination of
different omics technologies in food-related microbiome studies is mandatory for species/strain
resolution of microbial diversity and functional characterization of complex community structures [35].
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PICRUSt2 analysis also heavily relies on the Nearest Sequenced Taxon Index (NSTI) score, an evaluation
measure describing the novelty of organism within an OTU table with respect to previously sequenced
genomes [36], for accurate metagenome prediction of which 2 is the highest value [2]. We also observed a
very low NSTI scores for NFM products indicating low accuracy of metagenomic gene prediction which
also suggests that there remains a large number of metagenomes to be sequenced and classified.

Predictive gene functionality analysis of NFM products as inferred by PICRUSt2 and Piphillin showed a
high metabolism rate as expected since most of these products are consortia of many metabolically
active microbiota. These findings are also similar to recent studies reported from milk and dairy products
[4, 5, 6, 7]. Interestingly, few signal pathways with well-known probiotic functional features were also
inferred from Piphillin-predictive pathways that included GABAergic synapse, glutamatergic synapse and
serotonergic synapse, which were absent in PICRUSt2 analysis. These predictive functional hits were
related to cognitive function. Probiotics are well-known for enhancing brain function and have been
demonstrated to have various mechanisms in alleviating depression and enhancing brain function [37,
38]. Lactobacillus is one of the main LAB genera reported from NFM products of India (Shangpliang et al.
2018) and we also observed a significant positive correlation of this genus with glutamatergic synapse
as per our findings. This suggests the presence of Lactobacillus to be in tandem with this feature. As
reported earlier [19], these NFM products of India are dominated by lactic acid bacterial groups, which in
general are considered as beneficial microorganisms [39]. Naturally fermented milk products are known
to a good source of health-promoting probiotic bacteria [23, 40]. It is important to note that predictive
gene functionality also suggests the importance of LAB members in these products.

We observed the negative correlation of LAB groups– Lactococcus, Lactobacillus, Leuconostoc on many
of the disease-related pathways, like biofilm formation - Vibrio cholerae, Chagas disease, pathogenic
Escherichia coli infection, pathways in cancer and Staphylococcus aureus infection, African
trypanosomiasis, Alzheimer disease, biofilm formation - Pseudomonas aeruginosa, chemical
carcinogenesis, choline metabolism in cancer, Parkinson disease, pathways in cancer, pertussis, and
hepatocellular carcinoma. These findings suggest that the presence of LAB has a negative impact on the
disease-related functions, perhaps, controlling the population of those disease-causing bacteria like
Staphylococcus, Bacillus and Pseudomonas, which are commonly present in contaminated raw milk and
fermented milk products [41, 42, 43]. LAB isolated from fermented foods are known to be health-
promoting bacteria acting against many pathogenic bacteria [44, 45, 46]. Based on our present findings
on predictive functionality, correlation studies highly suggest the significance of LAB present in NFM
products of India to be a good source of potential probiotic bacteria and health-promoting agents.

Conclusion
Our present study explores the potential of microbial functional gene prediction using PICRUSt2 and
Piphillin pipelines, and indicates the significance of the presence of LAB in these naturally fermented milk
products of India. Since most LAB members are known to be potential health-promoting bacteria, their
negative correlation to many of the disease-related functions also indicates their role in combatting
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unwanted potential contaminants. This present study also provides valuable insight into the potential of
LAB-predominated products in many health-promoting applications. Additionally, more advanced
methods are yet to be applied for in-depth functional profiling and safety evaluation.
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Figure 1

Workplan used in this study. Illumina-based amplicon gene sequencing analysis of naturally fermented
milk (NFM) products [19] was performed using QIIME2. Denoising was performed using DADA2 and
Deblur and the respective error-corrected exact sequence variants (ASVs/sOTUs) were then clustered
using Greengenes and SILVA reference databases of which the taxonomic assignments were also
performed. Predictive functionality was inferred using PICRUSt2 and Piphillin.
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Figure 2

(a) PICRUSt2-predicted metabolic pathways represented at Level-1 (Category). (b) Piphillin-predicted
metabolic pathways represented at Level-1 (Category). Overall, there are no significant differences from
DADA2 or Deblur denoised reads, nor from clustered by Greengenes or SILVA database, prior to predictive
analysis using PICRUSt2/Piphillin. Dominance of predictive features under metabolism category was
observed, followed by genetic information processing, cellular processes, environmental information
processing, human diseases ad organismal system.
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Figure 3

Heatmap representation of Spearman's rank correlation of bacterial genera and the PICRUSt2-predictive
significant pathways calculated using Statistical Package for the Social Sciences (SPSS) v20. Negative
values denote the negative correlation and positive values denotes the positive correlation of genera and
predictive pathways. All significant correlation pairs are denoted by * (*<0.05 and **<0.01).
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Figure 4

Heatmap representation of Spearman's rank correlation of bacterial genera and the Piphillin-predictive
significant pathways calculated using Statistical Package for the Social Sciences (SPSS) v20. Negative
values denote the negative correlation and positive values denotes the positive correlation of genera and
predictive pathways. All significant correlation pairs are denoted by * (*<0.05 and **<0.01).
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