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Summary 

Advances in technology and decreasing costs have accelerated the use 
of high-throughput sequencing (HTS) for both diagnosis and 
characterisation of animal infectious disease. HTS offers advantages 
over previous techniques, such as rapid turnaround times and the ability 
to resolve single nucleotide changes among samples, both of which are 
important for supporting epidemiological investigations of outbreaks. 
However, due to the plethora of genetic data being routinely generated, 
this has introduced challenges associated with the storage and analysis 
of these data. This article provides insight into the areas of data 
management and analysis that should be considered prior to adopting 
HTS for routine animal health diagnostics, which fall largely into three 
interrelated categories: data storage, data analysis and quality 
assurance. There are numerous complexities in each and they may need 
to be adapted as HTS evolves. Making appropriate strategic decisions 
regarding bioinformatic sequence analysis early on in project 
development will avert major issues in the long term. 
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Introduction 

With the on-going developments of high-throughput sequencing (HTS) 
instruments, genetic sequence data can be generated in ever-increasing 
quantities for diminishing costs with rapid turnaround times. This has 
primarily been driven by the ability to improve sensitivity and 
parallelise the characterisation of sequences of bases in fragments of 
DNA. Because of these advances, HTS has been used or is 
commonplace in most fields of biology, which has led to significant 
advances in our understanding of evolution, microbiology and 
medicine. In the context of animal health, HTS is being used more often 
for both the diagnosis and characterisation of animal infectious disease 
[1]. Initially used for disease outbreak investigations, HTS is now being 
applied for more routine surveillance programmes. For example, the 
utility of HTS was demonstrated when concurrent cases of H5N8 avian 
influenza were detected across Europe back in November 2014; whole 
genome sequence comparisons showed a high degree of sequence 
similarity between samples from Germany, the Netherlands and Asia, 
suggestive of a common source [2], and further demonstrated the role 
of migratory birds in transmission [3]. Since then, it has become 
commonplace for laboratories to undertake HTS of viral samples and 
add them to a database for surveillance purposes and to facilitate 
tracking of emerging pathogen variants (e.g. 
https://www.gisaid.org/collaborations/global-collaboration-on-h5n8). 

Similarly, HTS and whole genome sequencing is being used for 
outbreak investigation and surveillance of bacterial pathogens such as 
Mycobacterium bovis [4], and Salmonella spp. [5]. However, due to the 
flexibility and non-selectivity of the approach (compared to other 
nucleic acid tests), there are a wider selection of applications, including, 
for example, the simultaneous detection of multiple pathogens, as a 
screen of unknown disease-causing agents, or a single universal 
diagnostic assay [1]. With newer sequencing technologies being 
developed, it is likely that uses of HTS will be extended to include the 
likes of characterising host response to infection via full-length RNA 
transcript sequencing. 

https://www.gisaid.org/collaborations/global-collaboration-on-h5n8
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Consequently, an ever-increasing quantity of HTS data is being 
generated and analysed to support animal health, but without careful 
planning the volume of data can soon become overwhelming. 
Therefore, careful consideration of how data will be managed and 
analysed is required prior to embarking on a study. Here, we discuss 
practical considerations concerning how to manage HTS data and how 
to choose the most appropriate analyses. Primarily, these can be broken 
down into three areas: data storage (where, and for how long); analysis 
(processing to attain required outcomes); and quality assurance 
(understanding performance criteria) (Figure 1). Whilst this may not be 
exhaustive, we hope that our overview will at least encourage planning 
to be done prior to starting a study involving HTS, or even setting up a 
facility to provision HTS for multiple researchers, diagnosticians, or 
veterinarians. Table I has a glossary of terms used throughout this 
article to aid understanding. 

Practical considerations 

Data storage 

The considerable amount of data generated by HTS is a major challenge 
to its adoption for routine disease surveillance. For example, Illumina’s 
mid-output instrument can generate 30GB data daily, which would 
equate to a few hundred bacterial isolates, or around ten samples for 
viral genomes direct from tissue samples. Outputs from any analytical 
pipelines are likely to double the volume of data. When run just a 
handful of times the volume of data soon adds up so forethought should 
be given to how the data is to be handled, where it should be stored, and 
for how long. First, the organisation of the data should be determined – 
a data structure should be defined. HTS instruments output data in 
batches, determined by the number and types of samples multiplexed 
on a sequencing run, and individual output data files are unique to 
individual biological samples. The biological sample will be associated 
with metadata, such as source details (host species, temporal and 
geographic details, and potentially clinical symptoms related to the 
disease). Retaining a link between the metadata and the HTS data files 
is essential for downstream interpretation and, in our experience, best 
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achieved by using a Laboratory Information Management System 
(LIMS). Obviously, labelling samples ‘Sample-1’, ‘Sample-2’, etc. is 
not informative and likely to cause confusion sooner rather than later. 
Linking a unique identifier to additional metadata stored in linked 
database (or LIMS) will facilitate tracking. However, the HTS files 
must also be organised into folders or directories according to strict 
criteria. A flat storage approach where a folder just contains a list of 
files with unique identifiers will be difficult to manage. In its simplest 
form folders could be labelled by date of sequencing, but to facilitate 
downstream processing then grouping by source material, pathogen or 
analysis required would be more prudent. For the purposes of 
traceability, being able to link data for a given sample back to the 
laboratory and even the precise instrument which generated the data 
would be beneficial. 

Secondly, alongside the data structure, the file type or format should be 
decided. Several community standard file formats have emerged and 
are more preferential than those produced by propriety software which 
generates its own format and can only be read by software developed 
by the organisation/individual. Standardisation of data formats permits 
integration of data from multiple sources and a wider use of analytical 
software. The most used format for raw data output from HTS 
instruments is FASTQ [6], which consists of the nucleotide sequence 
(as with the FASTA format), but with additional metrics (quality) 
pertaining to the statistical confidence that each individual base call is 
correct. These are essentially plain text files that can be compressed 
using standard tools, which is vital when large numbers of files are to 
be stored. 

The next stage should be to determine where to store the data. 
Laboratories often start with on-site solutions such as network attached 
storage (NAS), but often find that there is an on-going need to maintain, 
expand the available space and store backups. Alternatives such as 
cloud solutions (e.g. Amazon Web Services, Azure, Google Cloud, etc. 
with appropriate assurances around data security) are likely to be more 
flexible; maintenance, expansion and backups are dealt with by the 
provider and costs are determined by how much space is used. 
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Ultimately, data storage costs are also likely to dictate retention – as 
more data is amassed the costs will continue to rise and decisions must 
be made about when old data (likely produced on older sequencing 
platforms) is no longer valuable. There is an argument that raw data (i.e. 
FASTQ files) should be retained long term, especially if data has been 
assembled, because continual improvements in assembly software and 
the potential to combine these data with complementary data from other 
sources mean that reanalysis should improve accuracy of the output. 

Data can also be retained indefinitely in public repositories, such as 
those hosted by the European Bioinformatics Institute (EBI) or National 
Center for Biotechnology Information (NCBI). These repositories will 
accept either raw data as it is emitted from sequencing instruments (e.g. 
FASTQ files), or the outputs from analysis (e.g. assembly or mapping 
– FASTA consensus sequences). These systems are funded by 
governments to facilitate data sharing, so whilst there is no monetary 
cost for storage, the data will be available for anyone to view or analyse. 
There is often an embargo period to keep data private, but this is finite. 
Some metadata is required to accompany the sequence data to increase 
its public value, but precise information (e.g. exact originating location) 
is not essential and can be less identifiable (e.g. district). As a solution 
for long term data deposition, once the implications are no longer 
sensitive, public repositories are the ideal solution. Alternatively, more 
restricted repositories, which required registration and include a degree 
of data curation are available, and like GISAID (mentioned above) are 
usually pathogen specific. Furthermore, data sharing is likely to have 
the collective benefit of advancing understanding of the pathogen [7, 
8]. 

Data analysis 

Extracting usable and actionable information from the raw output data 
generated by HTS instruments can be complex and time-consuming. 
Computational requirements often exceed those generally available 
with a standard laptop (Figure 1). Four processor cores and 8GB RAM 
may be acceptable for simple mapping of data to a bacterial reference 
genome, but anything more complex will require further capacity. For 
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example, with a modest compute resource (8 cores, 32GB RAM), de 
novo assembly of a single bacterial genome can be completed within a 
few minutes, but extracting a viral genome from sequenced tissue 
samples, may take several hours (depending on the size of the initial 
data files). Therefore, access to high performance computing must be a 
prerequisite for HTS analysis on any significant scale. This also 
requires disk space for storage of intermediate files generated during 
the analysis and significant amounts of computing memory (RAM) to 
ensure efficient processing of the data. The RAM required usually 
scales with the quantity of input data and complexity of the analysis. 
Building expertise in this area is the realm of bioinformaticians and can 
be challenging for scientists without training or expertise in 
computational biology. However, there are fundamental principles 
which guide analysis for pathogen genomics which can be used as a 
starting point. 

Where the goal of HTS is to generate the whole genome sequence of a 
pathogen, the initial processing of raw HTS data (FASTQ files) aims to 
piece together the shorter sequencing reads output by sequencing 
instruments into longer contiguous sequences. This is generally 
achieved in one of two ways: 

– de novo assembly, in which overlaps between reads are detected 
and used to join them; or 

– mapping, which aligns reads to a matching position in a known 
sequence (reference). 

If a quality reference genome is available, mapping is ideal when the 
pathogen is known, and the sample is not likely to be significantly 
different to the reference sequence. Furthermore, mapping is 
significantly less computationally demanding than de novo assembly. 
Of course, selecting the most appropriate reference genome based on 
similarities to contigs generated by preliminary de novo assembly can 
be used to in a two-step process, particularly where the pathogen is 
genetically diverse. HTS is also increasingly used for pathogen 
discovery, using an untargeted metagenomics approach and in these 
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scenarios, taxonomic classification of individual reads to determine the 
most likely pathogen would be the most efficient approach. 

The source of the data (i.e. type of biological sample from which the 
HTS data was generated) and whether the pathogen is known a priori, 
are likely to be major factors in determining the analysis strategy. For 
example, if the source material was a pure culture of a bacterium, it’s 
likely that direct generation of a complete genome, mapping all of the 
data to a reference sequence, would be the favoured approach. 
Alternatively, if hoping to extract the genome sequence of a potentially 
unknown virus in a blood sample or any matrix containing non-target 
(host) genetic material then pre-processing to remove unwanted 
sequence data would be essential. 

A useful output from the mapping process is the sequence alignment 
map (SAM) format files, which retain the information from the input 
FASTQ files, together with their position and similarity to the reference 
genome. The binary version of this (BAM) usually requires less disk 
space than the compressed input files so is a useful format for longer 
term data storage. Some work is being undertaken to reduce storage 
space requirements even further without loss of information (lossless 
compression). One output of this work is the CRAM format [9, 10], 
which is widely used, especially in public repositories. However, care 
must be taken to ensure wide community adoption of new formats; in 
turn this will provide a better guarantee of longevity of the software that 
can process it. 

De novo assembly is both more time-consuming and computationally 
demanding than reference mapping but is appropriate where genomic 
features not found in the reference genome might be expected (or in 
situations where a quality reference genome does not exist). Whilst the 
output FASTA format will take up considerably less storage that the 
input data, it does not retain any quality information or traceability 
about its construction. Software tools and parameters they use to 
determine whether reads are similar enough to be merged into a longer 
contig are still evolving, so it is likely that any output could be improved 
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upon in future iterations. Therefore, it is recommended that raw FASTQ 
files are retained to allow future re-analysis. 

If removing known contamination or host sequence data is required, 
mapping is generally the best approach; this is because non-target reads 
are generally (but not in all cases) sufficiently different from the 
genome of the target organism and will therefore not map to the 
reference. Reference genomes for commonly farmed animals (e.g. 
cattle, pigs, chickens, etc.) are available from public sequence 
repositories (e.g. EBI, NCBI) and can be used to screen out host DNA 
sequences. Even when the precise species is not available, a closely 
related species provides sufficient similarity to remove a large 
proportion of host reads (e.g. the chicken reference genome is a suitable 
substitute for samples from turkeys). Once the unmapped reads have 
been collected from this process, de novo assembly becomes simpler 
and more likely to lead to characterisation of the target pathogen. 

Taxonomic classification of individual reads is a useful tool for the 
identification of pathogens in datasets without any a priori 
expectations. Individual sequence reads (or fragments of reads) are 
compared to databases constructed from pathogen reference genomes 
to determine the closest match. Whilst these tools can process large 
amounts of data relatively quickly, they often require considerable 
computing memory. The databases are often loaded into memory to 
speed up data processing and this will further increase the requirements. 
For example, classification with Kraken2 [11] requires a database of 
reference indexes. To facilitate the identification of archaea, bacteria, 
viruses, plasmids, human, and any potential contamination with man-
made vectors from a HTS dataset, over 50 GB RAM is required, just to 
hold the database. Once the pathogen has been identified by this 
process, data can be filtered to retain the reads of interest to facilitate 
further characterisation of the organism, using one of the approaches 
listed above. 

At this point, samples have been processed in isolation, but to permit 
comparison between samples, further analysis will be required. 
Phylogenetic analysis, whether based on the full genome or a ‘core’ 
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genome for more variable pathogens, is often carried out to determine 
genetic/evolutionary relationships between samples. The standard 
approach is to determine the positions in the genome where samples 
differ from one another (or from a reference genome), in a process 
known as variant calling. In addition, there are standard file formats to 
capture this information (variant call format [VCF]). The VCF output 
from multiple samples can then be used to generate aligned genomes 
prior to building phylogenetic trees. At this stage, all input samples 
should have been processed identically to ensure robust and 
interpretable results. In addition, it is important to be aware that 
decisions made during the bioinformatics pipeline stage can bias 
downstream analyses, so logically thoughts should move to the quality 
assurance of data management and analysis. 

Quality assurance 

As outputs from the analysis of HTS data are likely to lead to decisions 
on disease management or other animal health outcomes, there needs to 
be some assurance that the outcomes are accurate and reliable. For 
statutory and regulatory animal disease testing, external accreditation 
to laboratory testing standards (e.g. ISO 17025) is required and this 
should also be applied to HTS outcomes [1], but is likely to require 
additional interpretation (Table II). 

With so many steps involved in HTS data analysis and the potential to 
adjust a myriad of parameters to tweak the output, it is prudent to 
automate data processing as much as possible, thereby ensuring 
reproducibility. A general requirement is to ensure that analytical 
processes are identical and executed sequentially in a timely fashion. 
There are a number of workflow managers which have been designed 
specifically with this in mind (e.g. Snakemake [12] or Nextflow [13]), 
which provide a useful framework for setting up analytical pipelines. 
An additional advantage of using a workflow manager is that efficient 
use of the available computational resources can also be achieved. 

Care must be taken to ensure that each of the software components have 
been designed and tested for the purpose for which they are used; for 
example, input data (sequencing instrument) and genome 
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characteristics (ploidy, GC-bias, etc.). Many software tools for high-
throughput sequencing are open source and are often being continually 
developed to improve speed and/or functionality. Therefore, it is 
imperative that specific versions are used for data analysis, and newer 
versions need to be thoroughly tested before embedding in an analytical 
pipeline. 

Similarly, external data sources, such as reference genomes or 
taxonomic databases may be periodically updated; updates should 
always undergo fit-for-purpose testing before they are adopted. Indeed, 
even curated external data sources can be imperfect. Reference 
genomes are usually retained in public repositories (e.g. Genbank), but 
updated versions can be uploaded as newer, more accurate, information 
becomes available. This may impact any outputs based on similarities 
to the reference genome. For example, the commonly used reference 
genome for Mycobacterium bovis, AF2122/97, was originally 
sequenced using traditional Sanger sequencing technology [14]. 
However, a revised genome with a significant number of modifications 
was published following the addition of HTS data from both long and 
short read technologies [15]. In these scenarios, a decision should be 
taken on whether data needs reanalysing, but a note of the version of 
the reference genome used should always be linked to any outputs. 

Accreditation bodies are only recently acquiring experience in the 
assessment of HTS analysis. Accreditation of HTS data analysis can be 
achieved, but this is still an emerging area. Evidence for quality 
assurance activities such as those obligatory for traditional laboratory 
tests will be necessary. Interestingly, several publications have 
investigated ring trails, where identical samples or data sets are sent to 
multiple organisations, for inter-laboratory comparisons of HTS 
analysis workflows [16, 17, 18]; these studies clearly indicate that these 
areas still need refining. Some variability in outputs can be attributed to 
upstream choices of wet-lab procedures and sequencing instruments. 
However, even when the same data sets were used as inputs, outcomes 
were dependent on analysis strategies, software tools and choice of 
external databases. 
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Conclusions 

Plans for the management and analysis of HTS data are often only 
considered after investment has been made in laboratory infrastructure. 
However, it should be a key element early in the design process and 
will avert difficulties as volume and complexity of data increases. 
Long-term plans for data management will be essential in ensuring that 
outputs can be traced, but also to aid financial planning. Analysis 
strategies will need to be designed for each use-case, with quality 
assurance playing a prominent role in the maintenance and automation 
of data processing pipelines. Moreover, all processes will need to 
remain adaptable as sequencing technology and analytical tools 
continue to develop. 
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BAM:  binary alignment map 
CPUs:  central processing units 
CRAM:  compressed reference-oriented alignment map 
GB:  gigabyte 
RAM random access memory 
VCF variant call format 

Figure 1 

Flow chart that highlights practical considerations that should be 
incorporated into strategic planning prior to implementing a new high-
throughput sequencing (HTS) study for animal pathogen surveillance. 
The three key areas to consider are: a) data management, b) data 
analysis, and c) quality assurance 
See main text for a discussion about each area and Table II for a 
discussion about the four assurances of outputs from a HTS analysis 
(performance, repeatability, reproducibility and traceability). See 
Table I for definition of acronyms 
*Note that disc space and CPUs/RAM will depend on the genome size 
of the target organism and the type of analysis being implemented 
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Table I 

Glossary 

Term Description 

BAM Binary alignment map – binary version of the sequence alignment/map file format, 
which contains information about the position and similarity of sequencing reads to a 
reference genome 

CPU Central processing unit – the key part of a computer which runs programmes and 
analysis. CPUs can have multiple cores which allow a process to be run in parallel, thus 
decrease time taken to complete that process 

CRAM Compressed reference-oriented alignment map – compressed file format for storing 
biological sequences aligned to a reference sequence 

De novo assembly A whole genome for an individual is assembled from raw reads, without a reference 
genome, essentially by piecing together the reads based on overlaps 

DNA sequencing A technique for determining the exact sequence of nucleotides, or bases, in a DNA 
molecule 

FASTA A text file format for storing DNA sequences such as genome assemblies and 
consensus sequence alignments. A FASTA file only stores a sequence ID and the DNA 
sequence 

FASTQ A text file format for storing raw reads output from high-throughput sequencing. A 
FASTQ file stores a sequence ID, the DNA sequence, and quality scores which record 
the accuracy of each base call in the read. Files are typically compressed for storage 

HTS High-throughput sequencing – technologies that sequence DNA or RNA in massive 
quantities at cost-effective prices and rapid turnaround times 

RAM Random access memory – computer memory used to store working data. Higher RAM 
is required for processing the large data files generated by HTS 

Read A partial sequence of a single DNA fragment 

Read length The number of base pairs (bp) sequenced from a DNA fragment. With ‘short-read’ 
sequencing technology, read lengths are typically in the range of 100–250 bp. Long-
read technologies can be up to hundreds of thousands of bases 

Reference mapping A whole genome for an individual is constructed by aligning (also called mapping) raw 
reads to a reference genome. The reference is usually a quality genome assembly from 
the same species (or isolate) or a closely related species if the former is not available 

VCF Variant call format – a text file format for storing variations in DNA sequences between 
individuals in a population of samples, or between a single sample and a reference 
genome 
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Table II 

Assurance of outputs from a high-throughput sequencing analysis 

Requirement Traditional testing HTS analysis 
Performance Measures of sensitivity and specificity Accuracy of detecting sequence variation 
Repeatability Is the same result achieved when a different 

user runs the test? 
Can the analysis be repeated to generate the 
same outcome on a different computing device 
(run by a different user)? 

Reproducibility Is the same result obtained when the test is run 
again? 

When are data reprocessed is the outcome 
identical? 

Traceability Is everything used in the test (reagents, 
equipment, etc.) documented? 

Are all software components version-controlled, 
and can they be linked back to the output? 

HTS: high-throughput sequencing 
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