Welcome to

Resist=Xplorer

- a web -based tool for visualization and exploratory analysis of resistome data

The key features include:

Support for a wide array of common as well as advanced methods for composition profiling, visualization and exploratory data analysis;

Comprehensive support for various data normalization methods coupled with standard as well as more recent statistical and machine learning algorithms;
Support for a variety of methods for performing vertical data integrative analysis on paired metagenomic datasets (i.e. taxonomic and resistome abundance
profiles);

Comprehensive support for ARG functional annotations along with their microbe and phenotype associations based on data collected from more than 10

reference and curated databases;

A powerful and fully featured network visualization for intuitive exploration of ARG-microbal host associations, incorporated with functional annotations

enrichment analysis support.

In this manual, we will go through the analysis of resistome data using an ARG table as input.

Please cite:
Dhariwal A, Junges R, Chen T, Petersen FC.
ResistoXplorer: aweb -based tool for visualization and exploratory analysis of resistome data.



In this manual, you will encounter blue and red dialog boxes.

Blue dialogs indicate explanations and details for different functions in each page, while
red dialogs  indicate actions that will move forward with the analysis to a new screen or a
download option for a visualization/analysis.

The question mark icons are available in ResistoXplorer.
If you hove over it, a short explanation about that item will appear.

Throughout this manual you will also find additional explanations
about the functionalities of ResistoXplorer following this icon.




In the front page of ResistoXplorer, you can select one of the three options for input data:
ARG list I ARG table I Integration
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You will be then redirected to the upload screen where you can add your data.

#t » Data Upload

1. Upload your resistome abundance profile (table)

1. ARG abundance table: (.txt or .csv format) _Choose file. Eeliilcioss
Here you can upload your
3. Metadata file: (ot or cos format @ Choose e Nofle chosen data in .txt or .csv formats,
and choose whether you
3. ARG annotation: (.txt or .csv format) @ Table: 2l @ieE WOUId Ilke to fO”OW your o
annotation, or choose one of
the databases available.

@ @ Database: ResFinder

2. Try our example data sets

Data Type Annotation Description

) Gut resistome profile of 80 fecal samples derived from slaughter pigs and broilers in two European countries i.e., Italy and
@Pig & Broiler ResFinder

Netherlands (P Munk, et al.). Group label: Pig and Broilers - indicating the livestock group.
Gut resistome profile of 60 samples from commercial beef feedlot cattle treated with therapeutic doses of tulathromycin (E
Beef feedlot cattle MEGARes Doster, et al.). Group label: Untreated and Treated- indicating the treatment group; Dayl and Day11 - indicating the

timepoint group.




You will be then redirected to the upload screen where you can add your data.

#t » Data Upload

. Upload your resistome abundance profile (table)

.| No file chosen

1. ARG abundance table: (.txt or .csv format) @ Choose file |
ch f No file chosen

2. Metadata file: (.txt or .csv format @ oose file !

3. ARG annotation: (.txt or .csv format) @ Table: No file chosen

@ @ Database: ResFinder

If you click on the
dataset, you will be able
to download it as well.

. Try our exa

Annotation Description

Optional: Alternatively, you @Pig & Broiler ResFinder
can use an exam ple dataset Netherlands (P Munk, et al.). Group label: Pig and Broilers - indicating the livestock group.
to explore the fu nctlonal Itles Gut resistome profile of 60 samples from commercial beef feedlot cattle treated with therapeutic doses of tulathromycin (E
Of Re3|3to)(p|orer Beef feedlot cattle MEGARes Doster, et al.). Group label: Untreated and Treated- indicating the treatment group; Dayl and Day11 - indicating the

Gut resistome profile of 80 fecal samples derived from slaughter pigs and broilers in two European countries i.e., Italy and

timepoint group.

To proceed with the example dataset of your
choice, click on 6Submité. |If
with your own data, <click on
above this one, after you have added your data.




Data format

Each database can present a different data format, so please make sure that your gene table is in accordance
with the database you will use. Otherwise you might not get any hits. In addition, the functional annotation level
at which the resistome profile can be analyzed will be dependent on the information available in the respective
dat abase. For more information, please refer to the ODat a

Here below and in the next slide, we show how some of the formatting can look like for features or rownames

ResFinder CARD ARDB BacMet AMP MEGARes 2 - drugs SARG Resfams

MEG_372|Multi-compound|Drug_and_biocide_resistance|Drug_and_biocide MATE_efflux_pumps|ABEM 0910185A AAC3

aac(2')-la vanC aac2i acrA acrB
MEG_373|Multi-compound|Drug_and_biocide_resistance|Drug_and_biocide_MATE_efflux_pumps|ABEM AAA19915 AAC3

AACE-I

aac(2')-lb vanRA aaci acrB almE

' . MEG_374|Multi-compound|Drug_and_biocide_resistance|Drug_and_biocide_SMR_efflux_pumps|ABES AAA26700
aac(2')-lc vansA aac2i - AlmE _374| P |Drug_and | i IDrug_and_  SMR_ _pumps|

aac(2')-1d

- MEG_375|Multi-compound|Drug_and_biocide_resistance|Drug_and_biocide_SMR_efflux_pumps|ABES AAABE3I3T EGYdm D
vanHA aac2ia acrEfenvC almG AAA92254 AACE-Il
MEG_376|Multi-compound|Drug_and biocide resistance|Drug_and_biocide SMR_efflux_pumps|ABES

vani aac2ib acrffenvD i ABCAntibioticEffluxP
- amiA MEG_377|Multi-compound|Drug and_biocide resistance|Drug _and_biocide SMR_efflux_pumps|ABES LIRS At gty iy
vanXa aacic acthA amiA = — = — AAB20441 adeA-adel
MEG_378|Multi-compound|Drug_and_biocide_resistance|Drug_and_biocide SMR_efflux_pumps|ABES
vanya aac2ic ic 5 o ) - AAB20442 adeB
ami MEG_379|Multi-compound|Drug_and_biocide_resistance|Drug_and_biocide SMR_efflux_pumps|ABES
vanZa AAB34257 adeC-adeK-oprM

aac(2')-le

aac(2')-lla

@ac(3)-1

aac(3)-la

ARG -ANNOT  ARGminer  deepARG MEGARes 1 MEGARes 2 AMRFinder

1567214 _ble

aac BAE78082.1 pmrA Bla|OXA-223|)N248564|1-825|825|betal |Class_D_betal | MEG_1|Drugs|Aminoglycosides|Ami i i - 165 _rib |_subunit_protein|A165|RequiresSNPConfirmation
aac(2')-la

aac2-la WP 024565805.1 novA gi|698174209|gb|KM087859.1|betal |class_C_betal. | MEG_2|Drugs|Aminoglycosides|Ami i i - 165 _rib I_subunit_protein|A16S|RequiresSNPConfirmation

1172|AF317511.1|AF317511|b | |Class_B_betal | MEG_3|Drugs|Ami ly i |Ami i i - 165 _rib |_subunit_protein|A165|RequiresSNPConfirmation aac(2')-1b

aac2-lb ALX99516.1 2

959|M97297.1|TRNVAN|Glycopeptides|VanA-type_; y_protein|VAN MEG_4|Drugs|Ami ly i |Ami i i - 165 _rib |_subunit_protein|A165|RequiresSNPConfirmation aac(2')-lc

aac2-lc YP_186749.1 AlOC 02073

a H i - i MEG_5|Drugs|Ami ly i |Amil i i 1 |_subunit_protein|A165|RequiresSNPConfirmation "l
aac(2")-1d CAA64891.1 A464 1655 Gly|vanY-A|M97297|9052-9963|912|Glycopeptides|VanA-type_accessory_protein|VANY; g5l aac(2')-1d

Mdr|AY769962.1|genel|Multi-drug_resistance|Multi-drug_efflux_pumps|ADEAI rugs - — - aac(2')-le

BAC11911.1 -
aac2-le A670_03335 MEG_7|Drugs|Aminoglycosides|Ami i i - 165 _ril |_subunit_protein|A165|RequiresSNPConfirmation

WP_000725529.1 A989 16023

617|HQ875016.1|HQ875016|Phenicol|Phenicol efflux pumps|cML aac(2')-lla

aac(2')-1lb

aac3-l

MEG_8|Drugs|Ami ly i |Ami i i | _ril |I_subunit_protein|A165|RequiresSNPConfirmation

Bla|SHV-65|DQ174305|5-865|861|betal |Class_A_betal |SHV
Bla|OXA-183|HQ111474|1057-1857|801|betalactams|Class_D_betalact: |oXA

aac-llia CLIE AL AA309_ 10385

AlA0B936.1

MEG_9|Drugs|Ami ly i |Amil i i . 165 _ril |_subunit_protein|A165|RequiresSNPConfirmation

MEG_10|Drugs|Ami ly i |Ami i i | _ril I_subunit_protein|A165|RequiresSNPConfirmation

MEG_11|Drugs|Aminoglycosides|Ami i i 165 _ril |_subunit_protein|A165|RequiresSNPConfirmation

MEG_12|Drugs|Ami ly i |Ami i i - 165 _ril |_subunit_protein|A165|RequiresSNPConfirmation




# » Data Upload # Data Inspection

Data Integrity check

Please review the Text Summary below from your uploaded data. Click the Library Size Overview for a detailed visual summary of read count calculated for each sample. Kindly note:

+ Features with zeros across all the samples will be excluded from further analysis

Text Summary Library Size Overview

Total no of features (ARGs) in abundance file: 1432

Features present in = 2 samples: 1038

Annotation format: Database

In this manual, we will use the first example
dat aset called 6Pig & Bro
the option, a text and graphic summaries of the
data wil |l be avail abl e.
Il ntegrity Checkd will al
upload your own data.

Database: ResFinder
No. of experimental factors: 2 (Discrete: 2; Continous: 0)
No. of functional annotation levels: 3
Sparsity (%): 79
Compositional: No
Total read counts: 2042387
Average counts per sample: 25529
Maximum counts per sample: 56829
Minimum counts per sample: 6518
No. of samples in abundance table: 80
No. of samples in metadata: 80
No. of sample names matched (abundance vs metadata table): 80

. of feature names matched (abundance vs annotation database):

. of samples that will be processed:

. of features that will be processed:

If the details seem fine,
go ahead and click on
6Proceed©o6.




& » Daa it » ot e D e Following, you will find the filtering page.

Data Filtration

Data Filtration aims at removing or filtering low quality or uninformative features from the data to improve the downstream statistical testing. Uninformative features can be filtered through three main ways:

« Low count filter: features that are present in just one or a few samples with a very low read count are difficult to distinguish from sequencing errors and artifacts. Features that just are present in only one sample can be removed directly based
on user defined read count value of it {default value: 2). While, you can also set 3 minimum count {default value: 2) and sample prevalence level to filter such features. A 20% prevalence filter means that at least 20% of the values of a feature
should contain at least 2 counts. You can also filter based on mean and median values.

» Low variance filter: features that do not vary or remain constant throughout the experiment conditions are not likely to be associated with the conditions under study. Feature variances can be calculated using inter-quantile range (IQR),

standard deviation or coefficient of variation (CV).

Any kind of data filtering can be disabled by dragging the slider to the left end (value: 0) or unselecting the checkbox. Most of the downstream analysis will be based on filtered data (except alpha-diversity analysis).

Feature Filter

Features with very small counts in very few samples are likely due to sequencing errors.
You need to first specify a minimum count (default value is 2).

. Features with count <= 2 present only in one sample

Minimum count: !

Low count filterig

@®revalence n samales (%) (I (20 ] If you use 20% prevalence filter, meaning for any feature to be retained, at least
Az Sl T 20% of its values should contain at least 2 counts.
Median abundance
In addition, you can also filter low abundance features based on their mean or
median values below the minimum count.

Percentage to remove {%): |

.Inter-quantile range

Low variance filter
@ Based on: Standard deviatien

R Features that are close to constant throughout the experiment conditions can also be
m filtered, especially for comparative analysis. The variance can be measured using
inter -quantile range (IQR), standard deviation or coefficient of variation (CV). The
lowest percentage based on the cutoff will be excluded.

Feel free to set the parameters
of your preference. In this

manual, we will move forward Please notice that you cannot

with the default va]ues. C|ICk' . move forward with the analysis
on O6Submitod. without clicking




RES'St*xplo I‘el' Home Resources Data Fo 0 Data Filtering- OK

& » Dats Upload » Data Inspection } Data Filter A total of 92 features having
counts less than or equals to 2
in just one sample were
removed. A total of 272 low
Data Filtration abundance features were
removed based on prevalence
. A total of 28 low variance
» Low count filter: features that are present in just one or a few samples with a very low read count are difficult to distinguish from sequencing errors and artifacts. Features that just are present in only one sample can be removed directly based features were removed based
on user defined read count value of it (default value: 2). While, you can also set a minimum count {default value: 2) and sample prevalence level to filter such features. A 20% prevalence filter means that at least 20% of the values of a feature on igr. The number of features
should contain at least 2 counts. You can also filter based on mean and median values. remains after the data filtering
Low variance filter: features that do not vary or remain constant throughout the experiment conditions are not likely to be associated with the conditions under study. Feature variances can be calculated using inter-guantile range (TQR), step: 242

Data Filtration aims at removing or filtering low quality or uninformative features from the data to improve the downstream statistical testing. Uninformative features can be filtered through three main ways:

standard deviation or coefficient of variation (CV).

Any kind of data filtering can be disabled by dragging the slider to the left end (value: 0) or unselecting the checkbox. Most of the downstream analysis will be based on filtered data (except alpha-diversity analysis).

Feature Filter

You will then receive a
message indicating how many
features were removed and
Low count filter@ @Frevalence in samples (%) ( —— how many remain after the

Mean abundance filtering process.

. Features with count <= 2  present only in one sample

2

Minimum count: | )

Median abundance

Percentage to remove (%): —
.Inter—quantile range
Low variance filter @

Based on: Standard deviation

Coeffecient of variation

You can now proceed with the
anal ysis. Click




Why should | use the data filtering option?

Data filtering is important because features having very low counts or abundance across all the samples cannot
be discriminated from sequencing errors, and they can interfere with some statistical and biological
approximations. Thus, such features should be removed from the data before performing any downstream

analysis.




Which category should | choose to perform data filtering?

ResistoXplorer automatically removes features that comprise of all zeros or that are only present in one sample.
This type of filtering is used for alpha diversity analysis.

However, for all other types of analysis, further data filtration is required. By default, features are filtered based
on their sample prevalence and abundance levels. You can also choose to remove features having low variance
across samples.

The best approach for filtering the data depends on the type of analysis. For instance, if the primary objective is
to perform comparative analysis, then you should remove features that exhibit low variance based on their inter
quantile ranges, standard deviations or the coefficient of variations. These features are unlikely to be significant
in comparative analysis. In case of integrative data analysis, you can also choose to apply different data filtration
criteria for both microbiome and resistome count data.




You will then find the normalization page.

All samples will be rarefied to even sequencing depth based on the sample having the
lowest sequencing depth. If this sample contains extremely low reads, you may need to
manually exclude this sample (using the Sample Editor) to avoid significant data loss.
You can find out if this is the case from View Sample Size from the Data Summary page.

Data scaling aims to bring all samples to the same scale by dividing the samples by a
scaling factor. Some common choices include total sum scaling (TSS), cumulative sum
scaling (CSS), and upper -quantile scaling (UQ).

Variance stabilization transformation such as log -ratio transformation and its variations.
Some common choices include centered log -ratio (CLR) transformation, relative log
expression (RLE) normalization, or weighted trimmed mean of M -values (TMM).

Compositional data analysis ( CoDA) recommended normalization approaches.

Please notice that you cannot
move forward with the analysis
without clicking

For this manual, we will go ahead
with the default options as shown
above. Click on 65S




