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A B S T R A C T

Porcine reproductive and respiratory syndrome virus (PRRSV) has a major economic impact on the swine in-
dustry. The important genetic diversity needs to be considered for disease management. In this regard, in-
formation on the circulating endemic strains and their dispersal patterns through ongoing surveillance is ben-
eficial. The objective of this project was to classify Quebec PRRSV ORF5 sequences in genetic clusters and
evaluate stability of clustering results over a three-year period using an in-house automated clustering system.
Phylogeny based on maximum likelihood (ML) was first inferred on 3661 sequences collected in 1998–2013
(Run 1). Then, sequences collected between January 2014 and September 2016 were sequentially added into 11
consecutive runs, each one covering a three-month period. For each run, detection of clusters, which were
defined as groups of ≥15 sequences having a≥70% rapid bootstrap support (RBS) value, was automated in
Python. Cluster stability was described for each cluster and run based on the number of sequences, RBS value,
maximum pairwise distance and agreement in sequence assignment to a specific cluster. First and last run
identified 29 and 33 clusters, respectively. In the last run, about 77% of the sequences were classified by the
system. Most clusters were stable through time, with sequences attributed to one cluster in Run 1 staying in the
same cluster for the 11 remaining runs. However, some initial groups were further subdivided into subgroups
with time, which is important for monitoring since one specific wild-type cluster increased from 0% in 2007 to
45% of all sequences in 2016. This automated classification system will be integrated into ongoing surveillance
activities, to facilitate communication and decision-making for stakeholders of the swine industry.

1. Introduction

Porcine reproductive and respiratory syndrome (PRRS) is one of the
most costly diseases for the swine industry due to major reproductive
and respiratory problems (Holtkamp et al., 2013). The causative agent
is a single-stranded RNA enveloped virus of 15,000 base pairs (bp)
encoding for at least ten functional open reading frames (ORFs) (Rahe
and Murtaugh, 2017). This virus evolves mainly through punctual
mutations, but also recombination (Kappes and Faaberg, 2015). An
important genetic diversity was found among genotype 2 (North
American type) strains in Quebec, Canada, which is consistent with the
high genetic diversity reported worldwide (Delisle et al., 2012; Lambert

et al., 2012; Lambert et al., 2018; Shi et al., 2010; Stadejek et al., 2013).
This important heterogeneity increases the risk of clinical disease,
considering the absence of complete protection following a hetero-
logous challenge (Diaz et al., 2012). On the other hand, viral diversity
can be used advantageously to gain information for disease control. For
example, at the herd level, viral sequences can be compared to in-
vestigate potential sources of infection and hypothesize on pathways of
virus transmission for better targeted control measures (Lambert et al.,
2012; Larochelle et al., 2003). At regional level, genetically related
strains can be grouped to rapidly appraise spatiotemporal patterns
which would be useful to implement collective measures, especially for
area-based regional control and elimination (ARC&E) project (Arruda
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et al., 2017). Through the years, this integration of molecular data in
epidemiological studies and surveillance programs has increased ra-
pidly (Alvarez et al., 2016; Vasylyeva et al., 2016)

Different techniques can be used to estimate the genetic relatedness
between PRRSV strains. RFLP patterns were initially used to dis-
criminate vaccine from wild-type PRRSV strains (Cai et al., 2002;
Wesley et al., 1998). However, subsequent studies demonstrated that
RFLP patterns should be used with caution for epidemiological in-
vestigations, as they do not sufficiently discriminate between wild-type
strains (Brar et al., 2011). Most phylogenetic studies on PRRSV were
based on sequencing data from a single gene, mainly ORF5 gene (GP5)
as it represents an immunologically important genome segment asso-
ciated with virus neutralization (Ostrowski et al., 2002; Plagemann,
2004; Plagemann et al., 2002; Popescu et al., 2017) and exhibits a
considerable level of diversity. More recently, whole genome sequen-
cing (WGS) has been developed (Zhang et al., 2017). However, the
availability and lower cost of ORF5 compared to WGS have allowed the
construction through time of large ORF5 sequence databases worldwide
used for surveillance and research purposes.

Different methods can be used to group PRRSV ORF5 sequences into
genetic clusters. Most studies on PRRSV relied on hierarchical distance-
based methods such as neighbour-joining (NJ) or model-based in-
ference such as maximum likelihood (ML) for building up a tree to-
pology as the basis for further classification (An et al., 2007; Delisle
et al., 2012; Wang et al., 2008; Yoon et al., 2008; Yoshii et al., 2005).
More recently, Bayesian phylogenetic inferences gained in popularity to
investigate PRRSV evolutionary process on smaller datasets or sub-
sample of larger datasets or to examine more thoroughly a mono-
phyletic cluster previously identified using ML inference (Alkhamis
et al., 2016; Shi et al., 2010). In most of the previously published stu-
dies, clusters were defined by visual appraisal of the tree topology, with
or without assessment of confidence in tree branches, such as bootstrap,
aLRT, or posterior probability (An et al., 2007; Delisle et al., 2012;
Wang et al., 2008; Yoon et al., 2008; Yoshii et al., 2005). Other re-
searchers have used average pairwise genetic distance thresholds as a
criterion to form lineages and sub-lineages (Shi et al., 2010).

In Quebec, collective control measures against PRRS at the pro-
vincial level are a priority. Monitoring changes in viral subpopulations
would help to guide these actions, for example by providing informa-
tion on how control zones should be delineated to limit the dispersal of
genetically divergent strains. For ongoing surveillance of endemic
strains, genetic clusters would need to be updated several times a year
with the addition of new sequences from field submissions. Thus an
automate system is needed to reveal major clusters within a large
phylogenetic tree inferred on several thousands of sequences without
having to identify them visually and to manually extract them. The
system would also have to compare results between subsequent clas-
sification runs to describe changes in size of genetic clusters through
time. Moreover, to provide constant information on circulating strains
to stakeholders of the swine industry, the stability of clustering results
obtained by the system is necessary to ensure that once detected, major
clusters are still identified in subsequent classification runs and that
sequences belonging to a cluster remain classified in the same cluster
through time. This would avoid confusion when clustering results are to
be transferred to end users for field applications.

The main objective of this research project was to automatically
classify Quebec PRRSV ORF5 sequences into genetic clusters and
evaluate the stability of the clustering results over a three-year period,
in a perspective of ongoing surveillance of endemic strains.

2. Material and methods

2.1. Sequence collection

A total of 4995 ORF5 PRRSV sequences were obtained from the
database of the Laboratoire d'épidémiologie et de médecine porcine

(LEMP) of the Université de Montréal. These sequences were collected
between January 1, 1998, and September 30, 2016, from Quebec swine
production sites through field submissions from regular veterinary
services, active surveillance (e.g. ARC&E) or LEMP research projects.
Samples were submitted by veterinarians to the molecular diagnostic
laboratory of the Faculty of Veterinary Medicine (FVM) of the
Université de Montréal or to two private laboratories. RNA extraction,
RT-PCR and sequencing were performed according to routine protocol
of each laboratory and sequence data were transferred to the LEMP
database. Four commercial vaccine sequences were also added to the
dataset: Ingelvac PRRS® MLV (Boehringer Ingelheim Vetmedica Inc., St.
Joseph, Missouri, USA), Ingelvac PRRS® ATP (Boehringer Ingelheim
Vetmedica Inc., St. Joseph, Missouri, USA), Fostera® PRRS (Zoetis,
Florham Park, New Jersey, USA) and Prime Pac™ PRRS+ (Merck
Animal Health, Summit, NJ). Sequences were examined for the pre-
sence of unusual characters other than known IUB symbols and, when
present, were replaced by N character.

2.2. Detection of recombinants

Detection of recombinant signals was first performed on the entire
sequence dataset (n = 4995). Considering the file size limit for RDP
analysis, the dataset was split according to year in three sets of 2000
sequences each, the middle one overlapping the others. Detection of
potential recombinant sequences was carried out by using an ex-
ploratory primary scan for mosaic signals with RDP, Geneconv and
MaxChi detection methods implemented in RDP4 version 4.79 soft-
ware. These three methods were also used in addition to Bootscan,
SisScan, Chimaera and 3-Seq for a secondary scan. Default settings for
each method were used throughout the procedure using 0.05 p-value
with a Bonferroni correction for multiple testing. Sequences identified
by at least one primary method were considered as significant re-
combinants and excluded from the dataset.

2.3. Automated classification system

An automated classification system was applied on the sequence
dataset and then, the stability of genetic clusters through time was
assessed on a three-year period to mimic an ongoing process of classi-
fication. More specifically, following a starting tree leading to a first
classification (Run 1, 1998–2013), sequences sampled between 2014
and 2016 were gradually introduced in the dataset into 11 consecutive
runs, each addition including all sequences sampled in a three-month
period.

2.3.1. First classification run (Run 1)
2.3.1.1. Selection and alignment of dataset. A first dataset was created by
selecting sequences submitted between January 1998 and December
31, 2013 (n = 3661). The dataset was sorted in increasing order of
sampling date and a multiple alignment was performed using Clustal
Omega with default settings (Sievers et al., 2011). Clustal Omega was
chosen based on its efficiency at minimizing the number of gaps in
different dataset sizes with default open gap values as well as its
capability to handle a large number of sequences in a timely manner
(Lambert et al., 2019b). As the software retains for its analysis only the
first sequence listed among a particular group of sequences having all
100% similarity, this sorting ensures that all sequences selected in a run
would be present in subsequent runs. The aligned dataset entered the
classification pipeline as shown in Fig. 1.

2.3.1.2. Phylogeny inference. A ML phylogeny was inferred using
RAxML (Pthreads AVX version 8.2.8) based on a GTR gamma
evolutionary model. The phylogeny was computed on 1000
randomized stepwise Maximum Parsimony starting trees for the final
search of the best-scoring ML tree. To determine branch support on the
Run 1 best tree, 1000 rapid bootstraps were run. A mid-pointed root
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was placed on the tree for visual representation. Information regarding
the tree branching pattern and RBS values were exported into a Newick
partition file. In addition, a pairwise evolutionary distance matrix of all
pairs of sequences was computed using a RAxML function (RAxML
v8.2.X Manual, https://sco.h-its.org/exelixis/resource/download/
NewManual.pdf).

2.3.1.3. Sequence clustering. Hierarchical structure of the nodes was
extracted from the Newick partition file and the list of 100% similar
sequences previously removed (Section 2.3.1.1) were stored into a
relational database for downstream reinsertion within clustering steps.
Based on the pairwise evolutionary distance matrix, the maximum
distance observed among all pairs of sequences included in each node
and were registered in the database.

Sequences from the Run 1 phylogeny (1998–2013, n = 3661) were
classified into genetic clusters using several algorithms written in
Python. The first step was to identify all genetic clusters, which were
defined as a group of ≥15 sequences linked to a branch of the tree with
RBS value of ≥70%. To avoid multiple subdivisions of genetic cluster
due to consecutive RBS values ≥70% near the tips of the tree, a limit
was set on evolutionary distance ≤0.025 beyond which further clusters
were not considered (Fig. 2).

The second step of the clustering process was to keep track of the

hierarchical structure among the different clusters identified, linking
major ones to their minor imbricated cluster(s). Major clusters, which
were by definition closer to the mid-point root and mutually exclusive,
were first identified. Then minor clusters formed by node closer to each
tip of the tree were automatically linked to the corresponding major
cluster (Fig. 2).

In a third step, 100% similar sequence(s) with at least one other
sequence initially dropped from the Run 1 dataset for phylogeny in-
ference were added into corresponding cluster. Sequences not com-
prised into any major cluster were considered as unclassified by the
automated system.

2.3.2. Subsequent classification runs (Runs 2 to 12)
2.3.2.1. Selection and alignment of datasets. Sequences submitted
between January 2014 and September 2016 inclusively (n = 1059)
were added into 11 consecutive runs (Run 2 to 12), each one
comprising sequences sampled in a trimester. Time intervals were
defined as follows: January 1 to March 31, April 1 to June 30, July 1 to
September 30, October 1 to December 31 until September 30, 2016 and
sequences were added to the previous run dataset. Each resulting
dataset was sorted, aligned and entered in the classification pipeline as
described for the first run.

Searching for
ML-tree (18 d)

1000 randomized stepwise 
Max Parsimony starting trees 

GTR gamma model

Rapid 
bootstrap

(30 h)
1000 replicates

Clustering (2 d)
RSB ≥ 70%
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Removal of 100%
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Fig. 1. Description of the pipeline used to classify Quebec PRRSV sequences. The first step consisted of a classification of sequences submitted between January 1,
1998, and December 31, 2013 (Run 1, n = 3661). Next steps consisted of consecutive runs performed after adding sequences submitted in the following three-month
periods to the dataset used in the previous classification run.
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2.3.2.2. Phylogeny inference and clustering. Dataset for Run 2 was
integrated into the Run 1 ML-tree using parameters estimated for the
Run 1. Then, dataset for Run 3 was integrated into Run 2 ML-tree and so
on until Run 12 was completed. For each run, sequence clustering was
done using the same approach as the one described for Run 1.

2.4. Correspondence of genetic clusters through time

Algorithms were developed to establish correspondence of genetic
clusters between the different runs (Figs. 1 and 3). Correspondence was
determined by comparing the position of each sequence ID of a parti-
cular cluster from one run to their location in the next run. A corre-
spondence was then assigned to the cluster in this latter run gathering
the highest number of sequences. The same process was applied for all
clusters found in the tree (Fig. 3).

2.5. Automating the classification process

The entire process which involved selection and alignment of da-
tasets, phylogeny inference, clustering, correspondence of genetic
clusters through time and general statistics regarding the genetic clus-
ters was pipelined and run in a Linux environment (Ubuntu 14.04 LTS)
on a Dell Precision T7610 workstation with 10 Intel Xeon Processor
E5–2670 @ 2.5 GHz, 128 GB of RAM (DDR3) and 2 TB HD. All com-
puter resources were solely attributed to the classification process.
Computation time necessary for inferring of a complete ML-tree (Run
1), and also for adding sequences to an existing tree (Run 2 to Run 12)
was noted.

Code lines to execute the different tasks involved in the pipeline
consisted of several scripts written in Bash, Python, MySQL or VBA.
Furthermore, several file formats had to be managed by the scripts
(fasta, Newick, csv, txt). An example of input datasets, scripts and
output files are provided in ClassificationExample.zip using a
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Fig. 2. Evaluation of consecutive rapid bootstrap support (RBS) values ≥70% for sequence clustering. The figure shows the phylogenetic affiliation reconstructed for
15 sequences (Seq A to Seq O) clustered in 3 different groups having ≥70% RBS values. Groups with ≥70% RBS values were not considered if already inserted into
another group located closer to the mid-point root and gathering sequences having less than < 0.025 pairwise evolutionary distance with each other.
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subsample of 440 sequences randomly selected from Run 12 dataset
(n = 4289). Instructions regarding the example are also provided in the
supplementary material 1 (1_SupplementaryMaterial_Instructions.doc).

2.6. Description of the dataset, clusters and stability of major clusters
throughout the runs

The datasets used for the different runs were described according to
several characteristics, among them number of sequences, dates, and
number of clusters (see Table 1 for more details). Results of each run
were only described in terms of major clusters without considering
minor clusters. Intracluster diversity was calculated using mean and
maximum pairwise evolutionary distance among sequences in a cluster.
Stability of a cluster through different runs was defined as the cap-
ability of the system to assign a particular sequence to the same major
cluster through different runs (Table 2). After having established the
correspondence of clusters between runs (Section 2.4), the agreement of
sequence assignment was computed for each major cluster and each run
except the first one. For example, for a specific cluster of Run 2, it was
defined as the number of sequences member of a particular cluster into
Run 1 that are also assigned to the same cluster in Run 2 over total

number of sequences in Run 1 cluster, and so on.
Sequences belonging to the different genetic clusters identified in

final run (Run 12) were extracted from the aligned Run 12 dataset. For
each pair of clusters, each sequence belonging to one cluster was
compared to each other individual sequences from the other cluster.
The similarity between each pair of these sequences was computed as
the sum of matches over the total number of aligned bases, expressed as
a percentage. Average (min-max) similarity among pairs of clusters was
calculated to describe intercluster similarity.

3. Results

For the first run with sequences from 1998 to 2013 (n = 3661), 409
sequences were temporarily excluded because of a 100% pairwise ge-
netic similarity observed with at least one other sequence. The re-
maining 3252 sequences were used to build the tree. The approximate
time of the different steps involved in the first classification process
was: 30 min for multiple alignment, 18 days for ML-tree phylogeny,
30 h for estimation of RBS values, 2 days for clustering algorithms as
described in Section 2.3.1. Table 1 provides a description of the 12
datasets and general results on clustering for each of them. An average

Fig. 3. Workflow correspondence search and renaming of genetic clusters obtained between classification runs. New sequences added for the next run in the system
are marked in bold. A correspondence was determined by comparing the position of each sequence ID of a particular cluster from one run to their location in next run.
For example, each sequence of a particular cluster in Run 1 was compared to their location in Run 2. The correspondence was assigned to the cluster in Run 2 that
gathered the highest number of sequences from a cluster of the last run and so on for each run.
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(min-max) of 118 (70–180) newly submitted sequences per run were
added to the classification system.

According to the different runs, the proportion of classified se-
quences before reintroducing 100% similar sequences was between 67
and 77% (Table 1). Major clusters were almost equally distributed
among the clusters of < 20, 20–40 and > 40 sequences, respectively.

Table 2 shows results on genetic clusters identified by the auto-
mated system for the different runs according to their number of se-
quences, RBS value, maximum evolutionary distance observed among
pairs of sequences, and percentage of sequences classified into the same
cluster on consecutive runs. All major clusters identified using the RBS
threshold were over the 0.025 maximum pairwise distance, except
cluster 36 identified in runs 6 and 7. Agreement of sequence assignment
to a cluster between runs was 100% for all clusters. The maximum
pairwise genetic diversity observed between sequences within a specific
cluster ranged from 0.03 (clusters 3 and 8) to 0.29 (cluster 25).

For Run 1, a total of 29 clusters respecting both criteria (sequences
≥15, RBS ≥70%) were observed. According to these criteria, most of
them (n = 27) remained stable for subsequent runs; ten with sequence
addition, and 17 without. For the two remaining clusters (5, 21), having
58 and 25 sequences respectively, RBS values decreased under the
threshold in at least one of the subsequent runs, even though no se-
quence was added or displaced to another cluster. Six new clusters were
identified between Runs 4 and 10 (clusters 32, 33, 35, 36, 37, 38) and
detected up to Run 12. These viral subpopulations were already present
in the earlier dataset but did not fulfill the two criteria to be identified
as clusters by the automated system. Three other clusters (cluster 30,
31, 34) emerged in Runs 3 and 6, but RBS went under the 70%
threshold for one or several subsequent runs.

Once reinserting in the final run (Run 12) sequences that were 100%
similar, 3802 of 4958 (77%) were classified (Table 1). A total of 115
clusters were detected by the clustering algorithm; 33 were major
clusters (Table 1) and others were considered as minor clusters em-
bedded into major ones (Fig. 2). Average intercluster similarity ob-
served between the 33 major clusters was 88.5% and detailed results
are provided in Supplementary Tables S1 and S2. A timeline of major
clusters that once detected by the system, have persisted in subsequent
runs until the final one is provided in Fig. 4. Each of the 32 clusters is
represented by a colour bar showing year(s) for which at least one se-
quence of the cluster was submitted into the LEMP-DB. Cluster 25

included a total of 1117 vaccine-like sequences (MLV, ATP, Fostera)
which represented 23% of the submitted sequences (1998–2016,
n = 4958). This latter cluster was then subdivided into two minor
clusters, MLV-like (n = 902, RBS = 85) and ATP-like (n = 204,
RBS = 100). Fostera-like sequences also grouped together (RBS = 87),
but in insufficient number to be detected by the system (< 15). The
remaining major clusters represented wild-type sequences and seven
clusters (29, 18, 11, 14, 9, 19, 27) contained > 70 sequences each.
Cluster 29 represented from 0 to 45% of sequence submissions between
2007 and 2016. In the last year (2016), 13 clusters were observed
among submitted sequences, and cluster 29 was the most prevalent
wild-type cluster in Quebec (n = 1308), with several nested minor
clusters (results not shown). Six out of 32 wild-type clusters were not
observed since 2010 (e.g. Cluster 1, 3, 15, 16, 20, 26). The mean (min-
max) number of years with sequences submitted to the LEMP-DB among
wild-type groupings was 8 (3–15) years. The highest number of dif-
ferent clusters per year (n = 22), including vaccine-like grouping was
observed in 2006.

4. Discussion

An automated classification system was applied on a large PRRSV
ORF5 sequence dataset. The stability of the resulting genetic clusters
was assessed through time in order to evaluate the applicability of the
system for rapid monitoring of endemic strains. Several methodological
decisions were made to ensure that the system would provide results at
least every three months to the swine industry stakeholders. This three-
month period was selected to allow sufficient time to run the classifi-
cation pipeline on a significant number of new submissions to assess
changes in viral populations and to report them. In fact, future reports
integrating clustering results will be designed, produced and sent to the
swine industry in order to serve as a communication tool.

Clustal Omega was chosen as it was the fastest multiple alignment
algorithm among five others evaluated while providing similar results
(Lambert et al., 2019b). An approximate method for ML-tree compu-
tation (RAxML) was also selected for its capability to manage additional
sequences over time. The complex evolutionary model GTR gamma was
used, and the parameters were determined precisely as the number of
sequences was sufficient. Moreover, this model was likely more re-
presentative of the virus evolution than a simpler model, thus

Table 1
Description of datasets and general results on clustering for Quebec PRRSV ORF5 sequences for each run (1 to 12)a.

Dataset characteristics and clustering results Runs of classification

1 2 3 4 5 6 7 8 9 10 11 12

Dataset characteristics
Beginning year 1998 1998 1998 1998 1998 1998 1998 1998 1998 1998 1998 1998
Ending year 2013 2014 2014 2014 2014 2015 2015 2015 2015 2016 2016 2016
Month-day of last sample 12–31 03–31 06–30 09–30 12–31 03–31 06–30 09–30 12–31 03–31 06–30 09–30
Number of sequences 3661 3784 3890 3982 4133 4234 4332 4402 4582 4717 4858 4958
Number of newly added sequencesb – 123 106 92 151 101 98 70 180 135 141 100
Number of 100% similar sequences removedc 409 429 448 462 486 510 532 553 586 623 650 669
Number of sequences in the ML-tree 3252 3355 3442 3520 3647 3724 3800 3849 3996 4094 4208 4289

Clustering results
Number of classified sequences 2212 2259 2362 2450 2553 2854 2728 2775 2919 3028 3172 3218
% of classified sequences in ML-treed 68.0 67.3 68.6 69.6 70.0 76.6 71.8 72.1 73.0 74.0 75.4 75.0
Number of major clusterse 29 27 29 29 31 31 32 32 32 33 34 33

≥40 sequences 10 10 10 9 10 10 9 9 9 9 9 10
20–39 sequences 9 8 8 9 8 8 9 10 11 11 12 10
< 20 sequences 10 9 11 11 13 13 14 13 12 13 13 13

a Run 1 included sequences from the province of Quebec submitted between 1998 and 2013. Runs 2 to 12 represented further classification performed every three-
months to simulate ongoing classification of newly submitted sequences.

b Difference in number of sequences with previous run.
c Number of sequences removed for further phylogenetic analyses because of having 100% pairwise similarity with at least one other sequence in the dataset.
d Number of sequences attributed to one of the major clusters over the number of sequences in the ML-tree in the run.
e Larger genetic clusters that are closer to the mid-point rooting and mutually exclusive. Each of them may also include minor clusters (not shown).
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Table 2
Correspondence and assessment of stability of major clusters through time (Runs 1 to 12)a.

Genetic clusters Runs of classification

1 2 3 4 5 6 7 8 9 10 11 12

Cluster 1
Nb of sequences 15 15 15 15 15 15 15 15 15 15 15 15
RBS value 98 99 98 98 98 98 98 98 98 99 99 98
Maximum genetic distanceb 0.076 0.076 0.076 0.076 0.076 0.076 0.076 0.076 0.076 0.076 0.076 0.076

Cluster 2
Nb of sequences 22 22 22 23 23 23 23 25 26 27 27 27
RBS value 72 73 74 74 74 74 73 74 73 74 73 72
Maximum genetic distance 0.088 0.088 0.088 0.091 0.091 0.091 0.091 0.098 0.098 0.098 0.098 0.098

Cluster 3
Nb of sequences 18 18 18 18 18 18 18 18 18 18 18 18
RBS value 84 85 82 84 84 84 84 85 82 85 84 86
Maximum genetic distance 0.033 0.033 0.033 0.033 0.033 0.033 0.033 0.033 0.033 0.033 0.033 0.033

Cluster 4
Nb of sequences 27 28 28 28 28 28 28 28 28 28 28 28
RBS value 97 97 97 97 97 97 97 97 97 97 97 97
Maximum genetic distance 0.086 0.086 0.086 0.086 0.086 0.086 0.086 0.086 0.086 0.086 0.086 0.086

Cluster 5
Nb of sequences 58 58 58 58 58 58 58 58 58 58 58 58
RBS value 70 67 66 70 69 68 68 64 67 67 72 69
Maximum genetic distance 0.224 – – 0.224 – – – – – – 0.223 –

Cluster 6
Nb of sequences 20 20 20 20 20 20 20 20 20 20 20 20
RBS value 97 94 95 96 94 96 96 96 96 97 97 96
Maximum genetic distance 0.115 0.115 0.115 0.115 0.115 0.115 0.115 0.115 0.115 0.115 0.115 0.115

Cluster 7
Nb of sequences 15 15 15 15 15 15 15 15 15 15 15 15
RBS value 95 95 96 95 94 96 95 95 95 95 94 94
Maximum genetic distance 0.053 0.053 0.053 0.053 0.053 0.053 0.053 0.053 0.053 0.053 0.053 0.053

Cluster 8
Nb of sequences 22 22 23 23 24 25 25 25 26 26 27 26
RBS value 91 92 91 92 77 77 77 81 82 82 83 79
Maximum genetic distance 0.027 0.027 0.027 0.027 0.029 0.035 0.035 0.035 0.035 0.035 0.035 0.035

Cluster 9
Nb of sequences 84 84 86 87 93 95 96 96 98 98 98 98
RBS value 80 81 82 81 82 82 82 82 81 79 84 84
Maximum genetic distance 0.123 0.123 0.123 0.123 0.123 0.123 0.123 0.123 0.127 0.127 0.127 0.127

Cluster 10
Nb of sequences 15 15 15 15 15 15 15 15 15 15 15 15
RBS value 80 79 79 80 80 77 80 81 80 80 71 72
Maximum genetic distance 0.065 0.065 0.065 0.065 0.065 0.065 0.065 0.065 0.065 0.065 0.094 0.094

Cluster 11
Nb of sequences 99 101 105 106 109 110 110 111 112 114 114 114
RBS value 72 74 75 75 75 74 75 73 72 75 74 75
Maximum genetic distance 0.113 0.12 0.123 0.123 0.132 0.132 0.132 0.132 0.14 0.14 0.14 0.14

Cluster 12
Nb of sequences 49 51 54 58 58 59 60 60 60 61 61 62
RBS value 92 92 91 92 93 92 93 94 93 93 91 92
Maximum genetic distance 0.118 0.117 0.121 0.121 0.121 0.121 0.125 0.125 0.125 0.125 0.125 0.125

Cluster 13
Nb of sequences 21 21 21 21 21 21 21 21 21 21 21 21
RBS value 70 70 70 70 71 69 70 71 72 70 71 70
Maximum genetic distance 0.115 0.115 0.115 0.115 0.115 – 0.115 0.114 0.114 0.114 0.114 0.114

Cluster 14
Nb of sequences 50 54 57 59 63 67 72 76 82 84 88 90
RBS value 77 76 74 78 76 74 78 77 78 75 76 76
Maximum genetic distance 0.12 0.12 0.12 0.12 0.12 0.124 0.124 0.132 0.137 0.137 0.137 0.137

Cluster 15
Nb of sequences 20 20 20 20 20 20 20 20 20 20 20 20
RBS value 100 100 100 100 100 100 99 99 99 99 100 99
Maximum genetic distance 0.038 0.038 0.038 0.038 0.038 0.038 0.038 0.038 0.038 0.038 0.038 0.038

Cluster 16
Nb of sequences 15 15 15 15 15 15 15 15 15 15 15 15
RBS value 96 96 96 96 97 97 97 96 96 96 96 96
Maximum genetic distance 0.053 0.053 0.053 0.053 0.053 0.053 0.053 0.053 0.053 0.053 0.053 0.053

Cluster 17
Nb of sequences 16 16 16 16 16 16 16 16 16 16 16 16
RBS value 98 98 98 98 98 98 98 98 98 98 98 98
Maximum genetic distance 0.049 0.049 0.049 0.049 0.049 0.049 0.049 0.049 0.049 0.049 0.049 0.049

Cluster 18
Nb of sequences 203 206 209 211 214 217 220 222 230 233 235 237
RBS value 76 75 78 75 74 73 77 74 74 75 74 73
Maximum genetic distance 0.202 0.202 0.202 0.202 0.202 0.202 0.202 0.202 0.201 0.202 0.226 0.226
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Table 2 (continued)

Genetic clusters Runs of classification

1 2 3 4 5 6 7 8 9 10 11 12

Cluster 19
Nb of sequences 83 84 84 85 85 85 85 85 86 87 87 88
RBS value 74 75 75 72 74 74 77 76 76 76 74 75
Maximum genetic distance 0.124 0.12 0.12 0.124 0.124 0.124 0.124 0.124 0.124 0.124 0.124 0.125

Cluster 20
Nb of sequences 15 15 15 15 15 15 15 15 15 15 15 15
RBS value 100 100 100 100 100 100 100 100 100 100 100 100
Maximum genetic distance 0.061 0.061 0.061 0.061 0.061 0.061 0.061 0.061 0.061 0.061 0.061 0.061

Cluster 21
Nb of sequences 25 25 25 25 25 25 25 25 25 25 25 25
RBS value 71 69 69 68 69 67 67 68 67 68 67 68
Maximum genetic distance 0.105 – – – – – – – – – – –

Cluster 22
Nb of sequences 27 27 27 27 27 27 27 27 27 27 27 27
RBS value 98 99 99 99 99 99 98 99 99 99 99 99
Maximum genetic distance 0.143 0.143 0.143 0.143 0.143 0.143 0.143 0.143 0.143 0.143 0.143 0.143

Cluster 23
Nb of sequences 17 17 17 17 17 17 17 17 17 17 17 17
RBS value 100 100 100 100 100 100 100 100 100 100 100 100
Maximum genetic distance 0.058 0.058 0.058 0.058 0.058 0.058 0.058 0.058 0.058 0.058 0.058 0.058

Cluster 24
Nb of sequences 22 22 22 22 22 22 22 22 22 22 22 22
RBS value 95 95 96 95 95 96 96 96 95 95 96 94
Maximum genetic distance 0.158 0.158 0.158 0.158 0.158 0.158 0.158 0.158 0.158 0.158 0.158 0.158

Cluster 25
Nb of sequences 591 617 644 660 685 701 714 725 762 777 804 826
RBS value 77 76 79 76 74 77 73 74 77 77 78 78
Maximum genetic distance 0.286 0.286 0.285 0.285 0.285 0.285 0.285 0.285 0.285 0.285 0.285 0.285

Cluster 26
Nb of sequences 17 17 17 17 17 17 17 17 17 17 17 17
RBS value 95 95 95 95 95 94 96 96 95 96 96 95
Maximum genetic distance 0.129 0.129 0.129 0.129 0.129 0.129 0.129 0.129 0.129 0.129 0.129 0.129

Cluster 27
Nb of sequences 71 71 71 71 71 71 71 71 71 71 71 71
RBS value 85 85 87 86 87 86 86 84 82 86 88 82
Maximum genetic distance 0.186 0.186 0.186 0.186 0.185 0.185 0.186 0.185 0.185 0.186 0.185 0.185

Cluster 28
Nb of sequences 16 16 16 16 16 16 16 16 16 16 16 16
RBS value 92 93 92 91 91 92 91 91 92 91 90 91
Maximum genetic distance 0.117 0.116 0.116 0.116 0.116 0.116 0.116 0.116 0.116 0.116 0.116 0.116

Cluster 29
Nb of sequences 559 619 656 696 761 802 843 865 944 1007 1078 1123
RBS value 78 79 79 81 77 76 78 75 78 78 74 78
Maximum genetic distance 0.122 0.123 0.123 0.123 0.123 0.123 0.123 0.123 0.124 0.125 0.135 0.136

Cluster 30
Nb of sequences 98 98 98 98 98 98 98 98 98 98 98 98
RBS value 68 68 70 68 70 68 68 67 66 68 69 65
Maximum genetic distance – – 0.26 – 0.259 – – – – – – –

Cluster 31
Nb of sequences 18 18 18 18 11 11 11 11 11 11 11 18
RBS value 69 67 72 67 80 79 80 80 79 80 80 68
Maximum genetic distance – – 0.075 – – – – – – – – –

Cluster 32
Nb of sequences 14 14 14 16 19 20 20 20 20 20 20 20
RBS value 92 93 91 90 91 89 92 92 90 92 90 92
Maximum genetic distance – – – 0.08 0.083 0.083 0.083 0.083 0.082 0.083 0.083 0.083

Cluster 33
Nb of sequences 14 14 14 14 15 15 15 15 15 15 15 15
RBS value 74 75 77 76 77 72 76 76 75 75 75 75
Maximum genetic distance – – – – 0.092 0.092 0.092 0.092 0.092 0.092 0.092 0.092

Cluster 34
Nb of sequences 341 343 347 354 373 382 389 394 405 414 420 428
RBS value 68 65 67 68 64 70 67 64 64 65 61 62
Maximum genetic distance – – – – – 0.170 – – – – – –

Cluster 35
Nb of sequences 12 12 13 14 14 15 16 17 18 18 18 18
RBS value 98 98 98 98 98 98 98 97 98 98 98 98
Maximum genetic distance – – – – – 0.087 0.092 0.092 0.092 0.092 0.092 0.092

Cluster 36
Nb of sequences 2 2 4 12 15 18 20 25 30 34 40
RBS value 100 100 100 100 100 100 100 99 100 99 99
Maximum genetic distance – – – – 0.015 0.02 0.026 0.026 0.043 0.055 0.059
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potentially limiting the need for a change of evolutionary model in the
future. Re-estimating model parameters for each run was also con-
sidered at first, but since computation reached 30 days for the first run
and grew exponentially with the number of sequences, it precluded the

re-estimation of the entire tree for each subsequent run. Sequences were
rather inserted into the tree of the previous run based on evolutionary
parameters estimated from the first tree. Moreover, RBS was used for
practical reasons as standard bootstraps were too lengthy, 30 days for
1000 replicates on the baseline tree. Finally, the clustering steps
(Section 2.3.1.3) applied on each run were only slightly affected by the
number of sequences, insuring that the overall system could be used for
larger datasets.

All major clusters but two identified in the first run were also de-
tected in subsequent runs, suggesting that the criteria used to define a
cluster insured a certain stability of clustering results through time. This
stability is important as the purpose of the classification was to give an
appraisal of changes in genetic clusters according to time and region for
field end users. In addition, all sequences that were classified in a
cluster remained in the same cluster in subsequent runs, whatever was
the number of sequences added to the system. This latter finding was
observed even for clusters with a RBS value slightly lower than the
threshold for one or more runs (Clusters 5, 13, 21, 30, 34) which sug-
gests that some clusters below the 70% threshold might also be de-
tectable through time. Stability of clustering results could be partly due
to the large dataset used in the baseline tree (> 3000), which is among
the largest that has been used for either PRRSV research or surveillance
projects worldwide (Balka et al., 2018; Shi et al., 2010). The proportion
of classified strains reached 68% in the first run of classification, with
an additional 7% until Run 12, indicating that most of the clustering
process for major clusters occurred in the first run. When examining
major clusters with 15 to 20 sequences identified in Run 1 (10 clusters)
or those newly detected between Runs 2 and 12 (6 clusters), the great
majority had good support values (≥90%) throughout the subsequent
runs, indicating that the system was able to identify stable clusters even
with no > 15 sequences. Maybe temporary clusters could be created for
groups having borderline thresholds that should be examined in the
future. This would certainly lower the number of unclassified strains,
which represents a limit of our system.

The number of clusters detected was deemed suitable for ongoing
surveillance purposes, which requires a balance between the smallest
number of clusters for communication purposes among end users and a
sufficient number to allow a within cluster diversity that is phylogen-
etically meaningful. The classification system revealed major changes
in PRRSV sequences submitted by swine veterinarians at the provincial
scale over a fifteen-year period. As an example, the first sequences of
cluster 29 were submitted in 2007 but since then, it has largely ex-
panded and is now the most important wild-type cluster found in
Quebec. The automated system detected several minor clusters that
might have emerged at different times within this particular cluster,
revealing the importance of a system working at different levels of the
tree (major vs. minor clusters) and keeping track of the hierarchical

Table 2 (continued)

Genetic clusters Runs of classification

1 2 3 4 5 6 7 8 9 10 11 12

Cluster 37
Nb of sequences 14 15 15 15
RBS value 87 86 86 85
Maximum genetic distance – 0.060 0.060 0.060

Cluster 38
Nb of sequences 14 17 19 21 23 24 24
RBS value 100 99 98 98 98 98 98
Maximum genetic distance – 0.039 0.045 0.045 0.045 0.045 0.045

a Run1 included sequences from the province of Quebec submitted between 1998 and 2013. Runs 2 to 12 represented further classification performed each
additional three-months to simulate ongoing classification of newly submitted sequences.

b The maximum pairwise evolutionary genetic distance was not computed when cluster size (≥15 sequences) or RBS value criteria (≥70) were not fulfilled. Hence
the cluster was not considered for that specific period.

Fig. 4. Gantt chart describing the temporal distribution of sequence submis-
sions to the LEMP-DB according to the 32 major clusters (≥15 sequences, ≥70
RBS) that have persisted since their detection by the classification system.
Hatched bar identifies a cluster of vaccine-like sequences (#25). Dashed line
indicates clusters detected in the first run performed on sequences gathered in
the LEMP-DB up to December 2013. Black dots on the Gantt chart indicate
when clusters identified after the first run (n = 6) were first detected.
Histogram of the number of major clusters per year with line representing the
total number of sequences submitted. The eight sequences submitted in 1998
did not belong to any cluster and are not shown in the graph.
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structure to better monitor changes in PRRSV submitted sequences
through time. To better characterize the virus, it would be advisable to
apply Bayesian analysis on some particular clusters that would have a
manageable size for this type of analysis (Alkhamis et al., 2017;
Alkhamis et al., 2016; Baele et al., 2018; Shi et al., 2010). In addition,
this system should not be used to determine whether two sequences are
similar or not, since intracluster diversity in major and most minor
clusters is beyond the 97.5–98% pairwise similarity threshold often
used to determine that two sequences are similar (Lambert et al., 2012;
Larochelle et al., 2003; Murtaugh, 2012). Other tools have been de-
veloped by the research team to investigate sources of contamination in
the field or for epidemiological studies (Lambert et al., 2019a).

The time interval between the first sampling date and detection of
the cluster by the system was highly variable for the 6 new clusters
identified, between 1 and > 10 yrs. Thus, the ability of the system to
detect newly emerging strains or new viral introduction is limited.
However, since, the system can keep track of all groups, even those not
meeting size criterion, it could possibly be used to monitor the size of
small groups to enhance detection of emerging cluster. In addition, the
system could be adapted to picture unclassified sequences on the
overall ML-tree; the minimum pairwise distance observed between a
sequence from a particular major cluster and sequences from a re-
ference set may help detect introductions of foreign strains from other
provinces or countries (Lambert et al., 2018). Finally, the current pi-
peline would largely benefit from including phylodynamic approaches
that would be better at detecting emerging strains.

This paper documented an automated approach that was success-
fully applied on a large ML-phylogeny to identify major clusters and to
monitor them through time. Hence, the system avoids relying on visual
appraisal of a large tree to identify, manually extract and keep track of
the hierarchical structure of the genetic clusters through time. It also
avoids the need for selecting representative sequences of the tree to be
able to compute Bayesian analysis (Shi et al., 2010). The system was
designed for a preliminary assessment of genetic diversity within a
large dataset, and should be viewed as the first step into phylogenetic
analysis, which does not preclude further evaluation on the evolution of
viral populations. In fact, further Bayesian analyses should be per-
formed to better characterize the evolutionary rate of particular clusters
over time.

5. Conclusion

An automated approach to identify genetic clusters from a large
phylogenetic tree was successfully developed to monitor changes in
PRRSV sequences submitted by swine veterinarians at the provincial
level. The system could be useful for epidemiologic research, surveil-
lance activities and decision-making for different stakeholders of the
industry to better organize control activities based on the knowledge of
viral populations.

Supplementary data to this article can be found online at https://
doi.org/10.1016/j.meegid.2019.04.014.
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