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Abstract

Multidrug resistance (MDR) is frequently evident in Streptococcus suis, generating
distinct antimicrobial resistance (AMR) profiles, which limits the effective antimicro-
bial drug (AMD) options against S. suis in pigs and humans. Despite its significance,
there is a lack of studies and pertinent methodologies that uncover complex interac-
tions among AMDs and associated resistance patterns. This study aimed to identify
associations between phenotypic resistance patterns of S. suis isolates from swine
production systems in the United States against common AMDs using Bayesian net-
work analysis (BNA). Data from 259 unique S. suis isolates collected from 91 farms
were included. Phenotypic susceptibility interpretations (resistance vs susceptible)
of minimum inhibitory concentrations (MICs) were evaluated for 13 commonly used
AMDs: ceftiofur (CEF), penicillin (PEN), enrofloxacin (ENR), gentamicin (GEN), neo-
mycin (NEO), spectinomycin (SPC), sulfadimethoxine (SUL), tiamulin (TIA), tilmicosin
(TIL), clindamycin (CLN), chlortetracycline (CHL), oxytetracycline (OXY), and tetracy-
cline (TET). BNA was conducted using the R package bnlearn to identify joint resis-
tance patterns and estimate conditional dependencies among resistance outcomes.
Results revealed a high prevalence of MDR: 248 isolates (95.6%) were resistant to
more than one AMD, and 209 isolates (80.7%) were resistant to at least one AMD

in three or more classes. The Bayesian network comprised of 11 edges connecting
13 AMD nodes, highlighting statistical dependencies between AMDs resistances.
PEN, TIA, and TIL were the most central nodes, with PEN connected to SUL, TIA,
GEN, and CEF; TIAto PEN, SPC, TIL, and CLN; and TIL to SUL, TIA, CLN, and
OXY. Other associations included CEF-SPC, TET-CLN, CEF-ENR, and OXY-CHL.
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These relationships implicate systematic dependencies between AMDs and may
have resulted from mechanisms like cross-resistance and co-resistance. While these
relationships are statistically derived and hypothesis-generating, they underscore the
importance of understanding AMR patterns in guiding more effective AMD use. This
approach can help prevent overuse, reduce treatment failures, and support AMR
mitigation efforts for improved animal and public health outcomes.

Author summary

Streptococcus suis is a bacterial pathogen that affects pigs and can also cause
serious infections in humans. Antibiotics are commonly used to prevent and treat
S. suis infections in pigs, but the growing prevalence of antimicrobial resistance
and multidrug resistance has challenged the current control efforts. This presents
a significant challenge to both animal and public health. In our study, we aimed
to better understand how S. suis develops resistance to multiple antibiotics. We
analyzed 259 S. suis isolates collected from pig farms across the United States,
assessing their resistance to 13 commonly used antibiotics. Nearly all isolates
were resistant to more than one antibiotic, and many showed resistance across
several antibiotic classes. To explore how resistance to one drug might be linked
to resistance to others, we used Bayesian network analysis. This approach
revealed several statistically significant resistance patterns. Penicillin, a widely
used and effective antibiotic, tiamulin, and tilmicosin were linked to resistance to
more antibiotics than any other drugs. Our findings highlight the complex nature
of antibiotic resistance in S. suis. Recognizing these resistance patterns can
support more informed treatment decisions, reduce the misuse of antibiotics, and
help slow the spread of resistance in animals and people.

Introduction

Streptococcus suis is a zoonotic bacterial pathogen considered one of the most
important in swine farming and production [1]. S. suis infection causes decreased
performance and increased mortality in pigs, resulting in extensive economic losses
to the swine industry worldwide [2]. In humans, S. suis can cause severe systemic
infection and is a common cause of adult meningitis in Southeast Asia [3]. Since
there is no effective commercial vaccine against S. suis [4], control in pigs relies on
antimicrobial drug (AMD) use, which raises concerns for increased risk of antimicro-
bial resistance (AMR) [1]. The AMD type and use patterns against S. suis infection in
pigs vary among countries, regions, production systems, and even between farms,
which profoundly affects the AMR profiles of S. suis [5]. Nevertheless, this bacterium
is considered a primary reservoir for AMR, with an increased risk for transmission

of antimicrobial resistance genes (ARGs) to other bacterial commensals and patho-
gens [6].
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The discovery of AMDs is one of the best advances in therapeutic medicine in humans and animals. These AMDs
either kill target bacteria (bactericidal) or inhibit their growth (bacteriostatic) by interfering with specific processes essential
for bacterial growth and/or division or disrupting structures in the bacterial cells [7]. Resistance to such AMDs is a natural
process, often occurring by mutations and the acquisition of mobile genetic elements (MGEs) via horizontal gene transfer
(HGT) events [8]. However, the current increasing trends in AMR rates are often attributed to the misuse and overuse of
AMDs, as well as poor infection prevention and control in both animals and humans. Some bacterial strains have become
resistant to many AMDs, the phenomenon broadly called multidrug resistance (MDR), which occurs by accumulating
multiple genes, each coding for resistance to a single drug or a single resistance mechanism confers resistance to mul-
tiple AMDs (cross-resistance) [9]. MDR is often evident in S. suis forming various AMR profiles, which limits the effective
AMD choices to treat S. suis infection in pigs and humans. Thus, AMR patterns of S. suis should be carefully monitored to
ensure the efficacy of AMDs and successful resistance control.

MDR in bacteria is a complex but essential notion to be incorporated in AMR epidemiological research, such as risk
factor analysis. Analytically, it is similar to multivariate observations with correlations between outcome variables, which is
challenging for traditional multivariable regression modeling [10]. One approach when dealing with multiple outcomes is
constructing a composite score as a response variable and running a regression analysis [11]. However, a disadvantage
of this approach is that we may lose valuable insights by reducing the different outcomes into a single-dimension outcome
variable. In recent years, Bayesian Network Analysis (BNA) and Additive Bayesian Networks (ABN) have emerged as
valued techniques for uncovering complex interactions between variables in a dataset and assessing patterns and profiles
of association between AMR classifications [10,12,13]. While both BNA and ABN use directed acyclic graphs (DAGS) to
model conditional dependencies, ABN relies on regression-based parameterization whereas BNA uses fully probabilistic
conditional probability tables.

BNAs provide a data-drive representation of the joint probability structure, offering a more complete understanding of
the epidemiology of AMR in a study population [10]. Unlike traditional pairwise or regression-based approaches, which
assess associations in isolation or under a prespecified model, BNAs evaluate all conditional dependencies simultane-
ously, allowing detection of relationships that only emerge after accounting for correlated factors [14]. In this study, we
seek to add to the growing body of research exploring the AMR of S. suis to different AMDs used in swine production. Our
objective was to identify a suitable network representing the associations between phenotypic AMR of S. suis isolates
using passive syndromic surveillance data from large swine production systems in the United States.

Results
Summary statistics

MIC interpretations for the AMDs included in the analysis are presented in Table 1. Almost all isolates (n=257; 99.2%)
were resistant to at least one AMD, and 248 (95.6%) were resistant to more than one. Only a few isolates were resis-
tant to CEF (3.9%), GEN (4.2%), and ENR (6.2%), whereas the highest resistance percentages were observed for TET
(90%), OXY (85%), CHL (83%), and CLN (78%). A total of 94 different AMR patterns were observed among the isolates
(S1 Fig).

Most isolates were submitted in 2019 (47%), followed by 2018 (13%). Notably, the higher number of samples submit-
ted in 2019 coincided with an unusually high S. suis detection frequency reported by diagnosticians at the lowa State
University Veterinary Diagnostic Laboratory (ISU-VDL). This increase was at least partly attributed to the dissemination
of a more pathogenic strain in the region, consistent with a previous report [15]. However, diagnostic submission vol-
umes are influenced by multiple factors, including disease severity, awareness, and diagnostic practices, and may not
accurately reflect true population-level incidence. The temporal distribution of isolates obtained for MIC testing is shown

in Fig 1.
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Table 1. Summary of phenotypic resistance of S. suis isolates obtained from clinically ill pigs during 2014-2021 (n=259), 2014-2018 (n=119),

and 2019-2021 (n=140). MICs interpreted as intermediate were grouped with susceptible.

Antimicrobial drug class

AMD Interpretation

2014-2021 N (%)

2014-2018 N (%)

2019-2021 N (%)

Beta-lactam Ceftiofur

Resistant 11 (4.2%) 1(<1%) 10 (7.1%)

Susceptible 248 (96%) 118 (99%) 130 (93%)

Penicillin

Resistant 28 (11%) 9 (7.6%) 19 (14%)

Susceptible 231 (89%) 110 (92%) 121 (86%)
Fluoroquinolone Enrofloxacin

Resistant 16 (6.2%) 7 (5.9%) 9 (6.4%)

Susceptible 243 (94%) 112 (94%) 131 (94%)
Aminoglycoside Gentamicin

Resistant 11 (4.2%) 4 (3.4%) 7 (5%)

Susceptible 248 (96%) 115 (97%) 133 (95%)

Neomycin

Resistant 177 (68%) 75 (63%) 102 (73%)

Susceptible 82 (32%) 44 (37%) 38 (27%)

Spectinomycin (Aminocyclitol)

Resistant 29 (11%) 11 (9.2%) 18 (13%)

Susceptible 230 (89%) 108 (91%) 122 (87%)
Sulfonamide Sulfadimethoxine

Resistant 181 (70%) 79 (66%) 102 (73%)

Susceptible 78 (30%) 40 (34%) 38 (27%)
Pleuromutilin Tiamulin

Resistant 50 (19%) 19 (16%) 31 (22%)

Susceptible 209 (81%) 100 (84%) 109 (78%)
Macrolide Tilmicosin

Resistant 180 (69%) 80 (67%) 100 (71%)

Susceptible 79 (31%) 39 (33%) 40 (29%)
Tetracycline Chlortetracycline

Resistant 95 (83%) 88 (83%) 7 (78%)

Susceptible 20 (17%) 18 (17%) 2 (22%)

Unknown 144 13 131

Oxytetracycline

Resistant 98 (85%) 91 (86%) 7 (78%)

Susceptible 17 (15%) 15 (14%) 2 (22%)

Unknown 144 13 131

Tetracycline

Resistant 129 (90%) 10 (77%) 119 (91%)

Susceptible 15 (10%) 3 (23%) 12 (9.2%)

Unknown 115 106 9
Lincosamide Clindamycin

Resistant 196 (78%) 91 (76%) 105 (79%)

Susceptible 56 (22%) 28 (24%) 28 (21%)

Unknown 7 0 7

https://doi.org/10.1371/journal.pcbi.1014117.t001
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Fig 1. Distribution of sampling of S. suis isolates. Temporal distribution of S. suis isolates obtained from pigs in each year between 2014-2021
(n=259).

https://doi.org/10.1371/journal.pcbi.1014117.g001

Bayesian network analysis

There was no difference in the network structures built using the Bayes’ and parents’ imputation methods. The parents’
imputation method is performed in topological order and is poorly suited for missing values in nodes that do not have
parents, so we present results from the Bayes’ imputation method, which imputes results from their joint posterior distri-
bution conditional on the observed variables. The final bootstrapped model is presented graphically in Fig 2. The network
consisted of 11 edges connecting 13 AMD nodes. The following variables were linked together: MIC interpretation for
PEN was connected to MIC interpretation for SUL, TIA, GEN, and CEF. Other connections included SUL-TIL, TIA—CLN,
TIA-SPC, TIA-PEN, TIA-TIL, CEF-SPC, TET-CLN, CLN-TIL, CEF-ENR, TIL-OXY, and OXY—CHL. These connections
indicate statistical dependence between MIC interpretations for these AMDs. That is, whether an S. suis isolate was phe-
notypically susceptible or resistant to one of these AMDs was statistically associated with whether it was phenotypically
susceptible or resistant to the connected AMDs.

A complex association among PEN, TIA, SUL, GEN, and CEF was identified, with PEN and TIA each having four
edges, among the AMDs with the highest degrees observed in the network. The probability that an isolate showed phe-
notypic resistance to PEN given that it showed resistance to GEN (R, [R,) Was 80.6%, compared to just 7.2% if the
isolate was susceptible to GEN (R, [S.g,)- The relationship between PEN-CEF was similar; the probability of PEN resis-
tance given CEF resistance (R, |R.:) was 77.4%, compared to 9.2% if the isolate was susceptible to CEF (R [S..)-
Phenotypic resistance to SUL was associated with both PEN and TIL susceptibility. The probability that an isolate was
resistant to SUL given that it was resistant to both PEN and TIL (Ry, R, & R;,) was 88.9%. If an isolate was susceptible
to either PEN or TIL, the probability of SUL resistance (R[S, OR S, ) was reduced to 67.8%. Further, if an isolate was
susceptible to both PEN and TIL, the probability of SUL resistance (R[S, & S;,) was 41.6%. The probability of TIA
resistance given PEN resistance (R,,|R.,) Was 71.2%, and this association was further influenced by CLN, SPC, and
TIL susceptibility. For example, if an isolate was resistant to CLN, the probability of TIA resistance given PEN resistance
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Fig 2. Graph of relationships among phenotypic S. suis resistance classifications (2014-2021). Linkages represent associations between resis-
tance classifications (resistant vs. susceptible, with intermediate categorized as susceptible) across different AMDs in S. suis isolates obtained from
swine between 2014-2021. Edge thickness reflects the bootstrap arc strength, defined as the frequency with which each arc was recovered across
10,000 bootstrap networks; only arcs with bootstrap strength >50% are shown. The farm identifier (sitelD) is a contextual variable used to account for
clustering of isolates by production site. Nodes represent AMDs: Ceftiofur (CEF), enrofloxacin (ENR), gentamicin (GEN), neomycin (NEO), penicillin
(PEN), spectinomycin (SPC), sulfadimethoxine (SUL), tiamulin (TIA), tilmicosin (TIL), chlortetracycline (CHL), clindamycin (CLN), oxytetracycline (OXY),
and tetracycline (TET).

https://doi.org/10.1371/journal.pcbi.1014117.9002

(RyaIRpey & R, ) remained similar at 71.0%. In contrast, if an isolate was susceptible to CLN, this probability decreased
t0 53.9% (R, IRy & S¢,,)- Resistance to SPC also did not substantially alter the probability of TIA resistance given PEN
resistance (R, ,|Rqcy & Rgc=70.5%). Conversely, when isolates were susceptible to both PEN and SPC or to both PEN
and CLN, the probability of TIA susceptibility was 91.4% (S, ,|S.¢, & S and 91.8% (S;,,ISq, & S, \), respectively, indi-
cating strong co-susceptibility patterns among these drugs.

TIL was one of the most central nodes, with four edges connecting it to SUL, TIA, CLN, and OXY. As an example, the
association between TIL-SUL—CLN illustrates the complex interdependencies of resistance within the network. The prob-
ability of TIL resistance given CLN resistance (R, |R_,,) was 84.2%, compared to 1.3% if an isolate was susceptible to
CLN (R, IS,)- This association was moderately influenced by SUL resistance, increasing to only 88.7% if the isolate was
resistant to CLN and SUL (R, |R,, & Ry, ) but reducing to 69.6% if the isolate was resistant to CLN but susceptible to
SUL (R, IR\ & S, )- Alternatively, the probability that an isolate was resistant to TIL given resistance to SUL (R, |R,,)
was 76.1%. However, this association was highly influenced by CLN resistance. If an isolate was also resistant to CLN,
this probability increased to 89.2% (R, |Rg, & R, ,)- If an isolate was susceptible to CLN, the probability of TIL resistance

given SUL resistance (R, |Rq, & S, ,) was 1.9%.

TIA SPC) TIA CLN

TIL CLN
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The MIC interpretation for NEO was completely independent of all other AMDs, as indicated by its separation from the
other nodes in the network. ENR was only weakly connected to the network through CEF. There was a statistical associa-
tion between OXY and CHL, which was slightly influenced by TIL. The probability of OXY resistance given CHL resistance
(RoxylRe) was 99.8%, compared to just 16.1% if the isolate was susceptible to CHL (RIS, ). Resistance to TIL slightly
increased the probability of OXY resistance given CHL resistance (R, IR, & R;,) to 99.9%. Other influential connec-
tions in the network included the probability of SPC resistance given CEF resistance (Rg,.|R ) was 56.3%, compared to
10.1% if an isolate was susceptible to CEF (R,.|S)- The probability of CLN resistance was higher when an isolate was
resistant to TET (R, IR,.,=81.5%) than when an isolate was susceptible to TET (R ,[S,.,=45.0%).

The two subnetworks highlight differences in joint statistical associations among AMDs under differing data availabil-
ity conditions (Figs 3 and 4). In the 2014—2018 network, PEN was linked to GEN and TIA, whereas in the 2019-2021
network, PEN was connected to GEN, TIA, NEO, CEF, and SUL. Tetracycline-related associations also differed across
subnetworks. In the 2014—-2018 network, TET was isolated from other nodes, whereas in the 2019-2021 network, a sta-
tistical association was observed between OXY and CHL that was independent of other AMDs, consistent with the limited
availability of these data in that period. These findings indicate that the period-specific subnetworks captured associations
under differing data availability conditions. Notably, the overall network constructed using data from all years recovered
tetracycline-specific associations observed in both period-specific subnetworks, indicating that the overall network inte-
grated tetracycline-related relationships across the study period despite variability in drug-specific reporting. Associations
identified in the 2014—2018 network between OXY-TIL, TIL-ENR, SUL-CLN, and SUL-SPC were no longer found in
the 2019-2021 network. Further, in 2019-2021, associations were identified between TIA-TIL, TIL-SUL, CEF-ENR,

=D =D Cm 2

0 G0
-

Fig 3. Graph of relationships among phenotypic S. suis resistance classifications (2014-2018). Linkages represent associations between resis-
tance classifications (resistant vs. susceptible, with intermediate categorized as susceptible) across different AMDs in S. suis isolates obtained from
swine between 2014-2018. Edge thickness reflects the bootstrap arc strength, defined as the frequency with which each arc was recovered across
10,000 bootstrap networks; only arcs with bootstrap strength >50% are shown. The farm identifier (sitelD) is a contextual variable used to account for
clustering of isolates by production site. Nodes represent AMDs: Ceftiofur (CEF), enrofloxacin (ENR), gentamicin (GEN), neomycin (NEO), penicillin
(PEN), spectinomycin (SPC), sulfadimethoxine (SUL), tiamulin (TIA), tilmicosin (TIL), chlortetracycline (CHL), clindamycin (CLN), oxytetracycline (OXY),
and tetracycline (TET).

https://doi.org/10.1371/journal.pcbi.1014117.g003
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Fig 4. Graph of relationships among phenotypic S. suis resistance classifications (2019-2021). Linkages represent associations between resis-
tance classifications (resistant vs. susceptible, with intermediate categorized as susceptible) across different AMDs in S. suis isolates obtained from
swine between 2019-2021. Edge thickness reflects the bootstrap arc strength, defined as the frequency with which each arc was recovered across
10,000 bootstrap networks; only arcs with bootstrap strength >50% are shown. The farm identifier (sitelD) is a contextual variable used to account for
clustering of isolates by production site. Nodes represent AMDs: Ceftiofur (CEF), enrofloxacin (ENR), gentamicin (GEN), neomycin (NEO), penicillin
(PEN), spectinomycin (SPC), sulfadimethoxine (SUL), tiamulin (TIA), tilmicosin (TIL), chlortetracycline (CHL), clindamycin (CLN), oxytetracycline (OXY),
and tetracycline (TET).

https://doi.org/10.1371/journal.pcbi.1014117.9004

CEF-SPC, CLN-TET, and CLN-TIA. However, these period-specific subnetworks were not designed to assess or com-
pare temporal changes in resistance patterns.

Discussion

S. suis is a widely spread pathobiont among pigs and a neglected emerging zoonotic pathogen that causes systemic dis-
eases in humans. Prophylaxis and treatment of S. suis infection in pigs heavily rely on antibiotics, but high AMR and MDR
prevalence in S. suis has challenged the current control efforts. In our study, almost all the isolates (n=257; 99.2%) were
resistant to at least one AMD with a high prevalence of AMR against NEO, SUL, TIL, CLN, CHL, OXY, and TET (68-90%),
which agrees with previous studies [5,16,17]. MDR has various definitions in the medical literature characterizing different
resistance patterns found in bacteria; a commonly used definition is non-susceptible to at least one AMD in three or more
AMD classes [18,19]. Here, we used a broad definition for MDR, characterizing isolates non-susceptible to more than one
AMD, and discussed all the observed statistical associations between AMDs. Nevertheless, we identified substantial MDR
within our tested isolates based on both definitions, where 248 (95.6%) isolates were resistant to more than one AMD,
and 209 (80.7%) isolates were resistant to at least one AMD in three or more AMD classes.

The AMDs included in this study represent drugs commonly used for therapeutic purposes in U.S. swine medicine
and reflect standard susceptibility testing panels used by veterinary diagnostic laboratories. None of these AMDs are
approved for use as growth promoters in the United States. Furthermore, the use of AMDs classified as critically important
for human medicine is subject to strict regulatory oversight and veterinary prescription requirements under the Veterinary
Feed Directive and related FDA policies [20,21]. To characterize AMR profiles and identify statistical associations among

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1014117 March 26, 2026 8/17




N\ Computational
PLOS }. Biology

phenotypic resistance to these AMDs, we applied BNA, a relatively novel analytical approach [10,12,13], to S. suis iso-
lates obtained from clinically ill pigs in the United States.

The observed associations of AMR between drugs within the same class, such as the relationship between OXY and
CHL, are not surprising, as these drugs share similar modes of action [22]. Strong conditional dependencies of resistance-
resistance (R, ,|R\up..) @nd susceptible-susceptible (S,,,, ,IS,,) outcomes between AMDs (AMD-1 and AMD-2) within the
same class, such as those observed between OXY-CHL (e.g., R IR, =99.8% and S, IS, =84.2% for the 2014-2021
period), indicate a positive association. Another example is PEN and CEF (a third-generation cephalosporin), which belong
to a large family of AMDs known as beta-lactams, also showed a positive association in the networks (e.g., R, |R ..-=77.4%
and S, |S..-=90.5% for 2014-2021). In contrast, aminoglycosides like GEN and NEO, along with their close relative SPC,
an aminocyclitol, did not display direct links between them in any network. Resistance to aminoglycosides/aminocyclitols can
occur via several mechanisms, such as enzymatic modification and inactivation of the aminoglycosides, increased efflux,
decreased permeability, and alterations of the 30S ribosomal subunit that impedes aminoglycosides binding [5,23,24]. The
lack of cross-resistance between these three aminoglycoside-aminocyclitol AMDs could be simply due to differences in their
resistance mechanisms [23—25]. Additionally, tetracyclines, such as OXY and CHL, were not connected to TET, another
member of the tetracycline family, in the networks, which is likely due to differences in MIC reporting practices: OXY and CHL
data were reported throughout the entire study period, whereas TET data were only reported from 2018 onward. Neverthe-
less, the use of different AMDs within the same drug family may increase the risk of cross-resistance through shared resis-
tance mechanism [26—28] and should therefore be approached with caution.

PEN and CEF are two effective and commonly used beta-lactams against S. suis infection in humans and pigs world-
wide [17,29]. Despite the long-term use of beta-lactams in pigs, S. suis resistance to the members of this drug group is
historically low [16]. We observed similar findings where S. suis resistance against PEN and CEF were 11% (n=28) and
4.2% (n=11), respectively. According to previous studies, this result may be due to an unusual mechanism used by S.
suis to acquire resistance against beta-lactams, which is the modification of penicillin-binding proteins (PBPs) that are
essential for peptidoglycan biosynthesis (either changed molecular weight, reduced affinity for beta-lactams, or both) [16].

Within the BNA, degree centrality quantifies the connectivity of an AMD node, corresponding to the number of direct
conditional dependencies it holds with other AMD nodes [30]. PEN, TIA, and TIL were the most central nodes, with the
highest degree of centrality in the overall network (2014—2021); PEN and TIA were most central in the 2019-2021 net-
work, whereas TIL was most central in the 2014—2018 network. This centrality indicates that resistance to PEN, TIA,
and TIL is highly associated with resistant outcomes of other AMDs. For example, in the 2019-2021 network, PEN was
associated with the AMR classification of NEO, GEN, CEF, TIA, and SUL, while in the overall network (2014—2021), PEN
was associated with SUL, TIA, GEN, and CEF. Given its central role in the network and its low resistance prevalence,
PEN is particularly important in swine health and AMR control. Recent evidence has shown an increased emergence of
S. suis resistance to beta-lactams, particularly PEN and cephalosporins like CEF, in certain regions [16,31-33], which
may be attributed to their longstanding administration. Previous studies have identified specific point mutations within the
transpeptidase domains of PBPs, such as PBP1a, PBP2a, PBP2b, and PBP2x, as primary resistance determinants in
streptococci against these beta-lactams [33,34], and these mutations can be transferred to other bacteria via HGT mech-
anisms. Hence, proper use of beta-lactams in pigs is highly recommended to avoid the emergence and the spread of
beta-lactam-resistant S. suis.

The linkages between AMDs of different, unrelated classes, such as those connected to PEN, suggest resistance will
impact not only the effectiveness of PEN and other beta-lactams but also potentially that of aminoglycosides/aminocycli-
tols, sulfonamides, cephalosporins, and pleuromuitilin derivatives. The other examples of such associations were linkages
of lincosamides with macrolides, pleuromutilin, and tetracyclines, between pleuromutilin and aminocyclitols, and between
macrolides and sulfonamides. These associations between unrelated drugs may be explained by various clinically import-
ant phenomena, including cross-resistance, where a single resistance mechanism confers resistance to multiple AMDs
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(e.g., multidrug efflux pumps), and co-resistance, where physical linkage of multiple resistant determinants (i.e. ARGs),
each coding for resistance to a single drug, on a same genetic element.

Cross-resistance is a paradigm often used to describe resistance between AMDs belonging to the same class
(e.g., PEN-CEF in beta-lactams, CHL-OXY in tetracyclines) due to a shared molecular mechanism. Nevertheless,
cross-resistance can also occur between unrelated drugs if they exploit similar resistance mechanisms. For instance,
macrolides and lincosamides are structurally distinct AMDs but share a similar mechanism of action, which is frequently
used to explain cross-resistance between unrelated AMDs [35]. Both classes bind to the 50S ribosomal subunit to
inhibit bacterial protein synthesis and are frequently used to treat gram-positive bacterial infections (e.g., Staphylococ-
cus sp., Streptococcus sp.) when resistant to PEN. Resistance to these AMDs may arise through ribosomal alteration,
drug inactivation, and overexpression of efflux pumps [35]. Due to shared resistance mechanisms and overlapping
targets, concurrent use of macrolides and lincosamides is generally discouraged, as it offers limited clinical benefit
and may promote resistance. Here, we identified a statistical association between TIL and CLN with higher conditional
probabilities for S, |S  (98.6%), R, IR, (84.2%), S \|S;, (64.5%), and R, IR, (99.5%), likely suggesting the
cross-resistance between them. The presence of genes such as ermB, which encode the erythromycin ribosome meth-
ylase (Erm) enzyme, may contribute to this cross-resistance by methylating the bacterial ribosome, leading to the MLS,
(macrolide-lincosamide-streptogramin B) phenotype [35].

Another explanation for associations between unrelated AMDs is that genes conferring AMR to different AMD classes
are inclined to locate together in the genomes of isolates (co-resistance) [36,37]. According to previous studies, many
ARGs of various AMDs have been identified as passenger genes carried on MGEs and are disseminated to other bacteria
via HGT mechanisms [5,38]. It is considered a critical driving force in bacterial evolution, especially in AMR distribution,
and is often evident in S. suis [5]. For example, ermB and tet(O) genes encoding MLS, and tetracycline, respectively,
often co-occur on Integrative and Conjugative Elements (ICEs) [39], while aminoglycoside resistance genes (e.g.,
ant(6)-la, ant(9)-1a), lincosamide resistance genes (e.g., InuB) and TIA resistance genes (e.g., IsaE) have been identified
together in ICEs (e.g., ICESsu584) [37]. Therefore, we can speculate that the observed statistical association between
CLN-TET [39], SPC-CLN-TIA [37], and TIL-OXY [39] could be due to these physical linkages of genes on the same
MGE. Strong conditional probabilities between resistance outcomes of CLN-TET (R IR ;=81.5%, R, ;IR =94.7%),
SPC-TIA (R;,,|Rp;=67.6%), and CLN-TIA (R, |R;,,=89.6%) may further support this hypothesis. Moreover, some of
these drug combinations are also known for their synergistic effects when administered together, which occurs when the
combined effect of two AMDs is larger than the additive effect of each drug. For example, synergisms between pleuromuti-
lin (e.g., TIA) and aminoglycosides (e.g., SPC) against S. suis [40] as well as between CLN and TET against staphylo-
cocci (a gram-positive bacteria) [41] were previously described. All these AMDs are bacteriostatic agents where TIA and
CLN bind to bacterial 50S while SPC and TET bind to the 30S subunit of ribosomes to inhibit bacterial protein synthesis.
Therefore, the synergy between the two AMDs in each pair could be because of their distinctive bacterial targets and/or
more complex interactions that happen when combined [42]. Such synergy is the basis of combination therapy and has
been effectively practiced in swine production [40,43]. However, two potential conflicting evolutionary outcomes of synergy
are recognized in which the risk of MDR can be either increased (via cross-resistance mechanisms) or decreased (via
collateral sensitivity) in a given treatment, depending on infection properties such as mutation rate and the availability of
resources [44—46].

Another example of a potential physical linkage is the association observed between beta-lactams (e.g., PEN) and
pleuromutilin (e.g., TIA) with R, IR, (71.2%), S;AISpey (87.1%), RocyIR;a (37.2%), Rog ISy, (4.1%), and S, |S;,, (95.3%)
conditional probabilities. According to a previous study, a vgaF homolog is often found upstream of the pbp2b gene [37],
likely expressing resistance against pleuromutilin and beta-lactams, respectively, simultaneously. However, the genomic
coordinates of ARGs were not explored in this study, thus we only speculate co-resistance as the mechanism for these
observed associations. Therefore, further investigations are required to explore these genetic linkages.
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Another potentially valuable relationship of beta-lactams in this study was with aminoglycosides/aminocyclitols such as
GEN and SPC. We identified high conditional probabilities for S |S.., (98.9%), S¢c[Scer (89.5%), Spey|Saey (91.9%), and
ScerlSepc (98.5%), along with low conditional probabilities for R . [S..,, (<1%), RepclScer (10.1%), RopylSeey (7-2%), and
R erlSepe (1.5%) indicating a strong positive association characterized by co-susceptibility between these AMDs. Neverthe-
less, conditional probabilities of S, IRz, (65.2%), SpclReer (45.0%), Sppy IR ey (19.2%), and S R, (86.5%) illustrate
that PEN- or CEF-resistant isolates were not consistently resistant to aminoglycosides/aminocyclitols, and vice versa,
indicating a lack of positive association in these resistance profiles. A previous study also described a negative correlation
between PEN and aminoglycosides, such as GEN (-0.18, p<0.01) and NEO (-0.22, p<0.001) using a pairwise correlation
analysis [47]. Regardless, based on the available literature, we cannot stipulate cross-resistance or co-resistance between
these drugs; therefore, the underlying mechanisms of these associations remain unclear and require further investigation.
Nevertheless, a robust synergistic effect between beta-lactams and aminoglycosides/aminocyclitols has been thoroughly
discussed in previous studies [40,48-50]. According to these studies, the ability of beta-lactams to inhibit cell-wall synthe-
sis by binding to PBPs may increase the permeation of aminoglycosides/aminocyclitols into the bacterial cytoplasm. As a
result, beta-lactams may lower the MICs of aminoglycosides/aminocyclitols, likely reporting both AMDs within susceptible
MIC ranges, in which case beta-lactams may be administrated before them [40]. Previous research has also demonstrated
that combination therapy using beta-lactams (e.g., PEN, ampicillin) and aminoglycosides (e.g., GEN, apramycin) has been
effective against various MDR pathogens, including S. pneumoniae, S. agalactiae, and S. suis [40,51-53]. However, it is
important to note that clinical evidence regarding the superiority of B-lactam—aminoglycoside combination therapy over
B-lactam monotherapy remains conflicting, despite promising in vitro and in vivo data [54].

In summary, our study captured various clinically meaningful AMR patterns of S. suis using BNA. Specifically, we
demonstrated the complexity of AMR in S. suis by disclosing associations between AMDs across different drug classes.
We portrayed not only pairwise relationships but also complex associations between multiple AMDs with relevant con-
ditional probabilities. These relationships entail systematic dependencies between AMDs and may reflect underlying
molecular mechanisms, such as cross-resistance or co-resistance at the genomic level. However, not all associations
identified in this study can be explained based on current knowledge, and thus our findings are hypothesis-generating.
Identifying various AMR patterns is particularly imperative in AMR epidemiology research, such as risk factor analysis, to
subsequently examine causal determinants (e.g., farm factors, environmental factors, biosecurity measures) that drive
the emergence and spread of these unique patterns. Further, our approach will serve as a valuable epidemiological tool
in public and animal health, potentially leading to better use of AMDs to avoid lack of efficacy and overuse of drugs that
could lead to resistance elsewhere.

We conducted this analysis using distinct production systems, which share a common source for the needs of
resources such as gilts. Therefore, the endemic disease profiles of these farms are often similar. However, these endemic
profiles are constantly challenged in response to various pressures (e.g., disease pressure, geographic location, and
management), coercing AMR emergence and spread in varying degrees. Overuse of different antimicrobial compounds
could induce more variation of AMR in S. suis, which may lead to complications in the treatment and control strategies.
Therefore, the proper use of AMDs for prophylaxis and treatment in swine production systems is highly endorsed. Antibi-
otic combination therapy with distinct mechanisms of action offers a significantly more effective approach to treating MDR
pathogens like S. suis and can help mitigate the development of resistance commonly associated with monotherapy [50].
Further, there is an increased oversight of antimicrobial uses in swine production systems globally. Thus, our findings
raise awareness of the need for continuous surveillance of the susceptibility patterns of S. suis to assist and enhance
antimicrobial stewardship.

Several limitations should be considered when interpreting these results. This study relied on passive syndromic sur-
veillance data derived from routine clinical diagnostic submissions, introducing potential surveillance bias. Because most
pigs are naturally colonized by S. suis without clinical disease, the AST data may not fully reflect the AMR profile of the

PEN

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1014117 March 26, 2026 1/17




A Computational
PLOS }. Biology

broader S. suis population and may limit interpretation and generalizability to clinically affected pigs. In addition, detailed
farm-level metadata, including herd characteristics, management practices, biosecurity measures, and AMD use, were
not consistently available, limiting our ability to account for potential confounding factors. In particular, individual treatment
histories, such as the timing of sample collection relative to AMD administration and whether treatment decisions were
guided by prior antibiograms, were inconsistently reported. Consequently, clinical samples may represent a mixture of
pre-treatment, post-treatment, or treatment-failure scenarios, and AST data should therefore be interpreted as reflective
of routine diagnostic submissions rather than controlled treatment-response studies. Future studies incorporating sys-
tematic sampling, comprehensive farm-level data, and longitudinal treatment records could better characterize resistance
dynamics and reduce surveillance and confounding biases. Additionally, interpretive MIC breakpoints and testing practices
change over time; therefore, the findings from this paper may not directly translate to other studies using data from labora-
tories with different testing practices or from different time periods [55].

Despite these limitations, BNA was applied as a proof-of-concept to explore relationships among phenotypic resistance
across multiple AMDs. While it does not establish causal relationships, BNA provides a framework to identify potential
interactions among resistance traits and demonstrates the feasibility of applying this approach to AMR surveillance,
informing future studies of resistance dynamics in swine populations. As this study focused exclusively on phenotypic
resistance patterns, future studies integrating genomic analyses with BNA models may elucidate the underlying resistance
mechanisms. Although no direct evidence of HGT was identified among the isolates analyzed here, previous studies have
reported ARGs in S. suis located on MGEs, including integrative and conjugative elements and transposons, highlighting
the potential for dissemination of AMR traits within S. suis populations [5,56,57].

Finally, intermediate interpretation is used in AMR classification when an AMD concentration is associated with an
uncertain therapeutic effect in vitro. In practice, intermediate results are often grouped with either resistant or susceptible
categories. However, according to the Clinical and Laboratory Standards Institute (CLSI), AMDs classified as intermediate
may achieve treatment success (susceptible) if the infection is restricted to a site where the drug concentrates or when
higher than standard dosages can be safely administered [58]. Thus, we grouped intermediate interpretations with sus-
ceptible readings to provide a conservative estimate of resistance profiles. However, this approach may not be appropri-
ate for AMDs with a single approved dosing regimen or for drugs that do not concentrate at the site of infection. Further,
intermediate resistance may signal the emergence of clinically relevant resistance; in such cases, grouping intermediate
results with resistance may better reflect the risk of future resistance escalation. To assess the implications of our cod-
ing choice, we conducted a sensitivity analysis grouping intermediate interpretations with resistant. This reclassification
slightly altered the network structure, eliminating three edges (PEN-GEN, OXY-TIL, and TIL—SUL), while introducing
new edges, such as GEN-NEO, CHL-TIL, CHL-CLN, and CLN-SUL (S2 Fig). These changes reflect the conditional
nature of Bayesian networks: edges represent dependencies that persist after conditioning on other variables, so a strong
marginal association, such as the PEN-GEN edge in the original analysis, may no longer appear if reclassification shifts
how shared variation is distributed across the network. Under the revised coding, GEN showed a stronger conditional
alignment with NEO instead of PEN, separating off from the main connected component. Importantly, the overall network
structure remained largely consistent across both analyses, with most key relationships preserved, providing confidence
that the primary findings are robust to alternate classifications of intermediate results. However, this consistency is likely
attributable to the low number of intermediate samples in the study.

Conclusions

BNAs can be used to elucidate complex relationships between AMDs. The current study findings can be beneficial in gen-
erating hypotheses regarding animal and farm-level practices that may be associated with AMR resistance profiles. Future
research could leverage AMD groupings identified in BNA as dependent variables in regression or risk factor analyses to
identify factors that explain the occurrence of resistance profiles. Additionally, BNAs provide a useful and visual way to
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explore phenotypic resistance profiles and associations among bacterial isolates. If combined with other animal and farm-
level information, the resulting graphs could be beneficial in making management and treatment recommendations.

Methods
Data collection

This study was conducted as a secondary analysis using existing culture and antimicrobial susceptibility data obtained
through passive syndromic surveillance. The analysis included data from 259 unique S. suis isolates collected from
clinically infected pigs in 91 swine farms representing different production systems in the United States between 2014
and 2021. All samples originated from routine clinical diagnostic submissions and were processed at the ISU-VDL for S.
suis isolation, identification, and antimicrobial susceptibility testing against a panel of antimicrobials. The dataset did not
include animal-level or farm-level risk factor information, and therefore such variables could not be incorporated into the
analysis.

Antimicrobial susceptibility testing (AST)

Phenotypic susceptibility and resistant data were generated from S. suis isolates by ISU-VDL following previously
described protocols [59]. Briefly, in-vitro ASTs were conducted for 16 AMDs. The minimum inhibitory concentrations
(MICs) of each strain were determined by the broth microdilution method using the Sensititre BOPO7F plates and the
Sensititre system (Trek Diagnostic Systems, Cleveland, Ohio) [59], and ASTs were performed according to an interpreta-
tion report received from the American Association of Veterinary Laboratory Diagnosticians (AAVLD) accredited laboratory
in the United States. These MIC interpretations were used for BNA to identify joint patterns of resistance (resistance pro-
files). S. suis strains were classified as susceptible, intermediate, or resistant to each AMD (S1 Table). MICs interpreted
as intermediate (n=73, 2.5%) were grouped with susceptible to create a binary phenotypic variable of resistant or suscep-
tible. The AMDs ampicillin, florfenicol, and trimethoprim-sulfamethoxazole were removed from the analysis because less
than ten isolates showed phenotypic resistance for each. This left MIC interpretations for ceftiofur (CEF), penicillin (PEN),
enrofloxacin (ENR), gentamicin (GEN), neomycin (NEO), spectinomycin (SPC), sulfadimethoxine (SUL), tiamulin (TIA),
tilmicosin (TIL), clindamycin (CLN), chlortetracycline (CHL), oxytetracycline (OXY), and tetracycline (TET) in the analysis.

Bayesian network analysis (BNA)

Bayesian networks (BNs), presented as directed acyclic graphs (DAGs), represent a joint probability distribution and
describe probabilistic dependencies between a set of variables [13]. BNs consist of nodes representing the variables
under study and edges representing associations between the variables. There are three distinct parts to BNA, as pre-
viously described [12]. Briefly, this analysis consisted of network learning (i.e., identifying the topological relationships
between nodes), a bootstrap analysis with 10,000 iterations to identify the most consistent connections and remove
potentially spurious associations, and parameter learning to determine the conditional probabilities between nodes. In
the bootstrap step, each resampled dataset undergoes the same score-based learning procedure using BIC to produce a
separate network structure. The boot.strength function then quantifies the stability of each arch by estimating its strength,
defined as the frequency with which that arc appears across the 10,000 bootstrap networks. These strengths are subse-
quently used to construct a consensus network, defined as the set of arcs with strength greater than 50%, representing
the most robust and consistently supported connections maintained in the final graph.

We used a purely data-driven, exploratory approach to model the relationships between MIC interpretation variables. To
account for clustering of observations within farms, we treated the farm identifier variable as a higher-level node and used
tiered blocklist constraints to prohibit lower-level variables from being parents of farm, allowing the network to capture
site-level structure without forcing specific edges [60]. The score-based structure learning algorithm, Tabu, was used to
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identify the network structure. Tabu is a modified greedy hill-climbing search that uses goodness-of-fit scores as objective
functions to find the global optimum [61]. Because the network is discrete, conditional independence between the nodes
was estimated using a log-likelihood ratio test [62].

The expectation-maximization (EM) algorithm, an iterative procedure computing the expected sufficient statistics
conditional on the observed data using belief propagation, was used to smooth over missing values [63]. We used the
expectation-maximization algorithm to test both the parents’ and Bayes’ imputation methods. The parents’ imputation com-
putes predicted values by plugging in new values in the local probability distribution for the parent node. Bayes’ imputation
computes predicted values by averaging likelihood weighting simulations using all the nodes as evidence [64]. Parameter
learning was conducted using the Bayes’ method. This method uses the expected values of the parameters’ posterior
distribution arising from a flat prior and is less prone to overfitting than maximum likelihood estimation [65]. For missing
values, the Bayes’ method estimates the parameters of each local distribution using complete observations for the nodes
and parents involved [64]. We built an overall network using the steps outlined above. While bnlearn produces DAGs, due
to the cross-sectional nature of the data and the inability to determine temporality in AMD resistance, causality was not
inferred from the data. Therefore, the arc directions for the DAGs in the manuscript were removed for simplicity of inter-
pretation. The original, unaltered DAGs can be viewed in S3 Fig.

While OXY and CHL data were available throughout the entire study period (2014-2021), TET data only became avail-
able from 2018 onward due to changes in MIC reporting practices. Accordingly, TET data were limited during 2014—2018
(13/119), whereas OXY and CHL data were available for most isolates (106/119). In contrast, during 2019—-2021, TET data
were available for most isolates (131/140), while OXY and CHL data were reported for only a small subset (9/140). To
explore how different tetracyclines (TET, OXY, and CHL) related to other AMDs under varying data availability conditions,
the dataset was divided into two periods: 2014-2018 and 2019-2021. These timeframes were selected to reflect shifts in
tetracycline data availability while also maintaining a relatively balanced number of isolates: 119 (45.9%) and 140 (54.1%),
respectively. Subnetworks were constructed for each period using the same analytical approach as for the overall net-
work. These period-specific subnetworks were intended to examine associations under differing data availability condi-
tions and were not designed to assess or compare temporal changes in resistance patterns. All analyses were conducted
in R (version 4.4.1) using the Bayesian network learning package bnlearn [64].

Supporting information
S1 Table. The MIC breakpoints used to assign S. suis isolates to interpretative susceptibility categories.
(PDF)

S2 Table. Conditional probability table for the overall network.
(XLSX)

S$1 Fig. AMR patterns among S. suis isolates.
(PDF)

S2 Fig. Sensitivity analysis network with the intermediate category grouped with resistance.
(PDF)

S3 Fig. Original, unaltered DAGs of the three networks.
(PDF)

Acknowledgments

Authors would like to thank the contributing swine production system for sharing their valuable antimicrobial susceptibility
data.

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1014117 March 26, 2026 14717



http://journals.plos.org/ploscompbiol/article/asset?unique&id=info:doi/10.1371/journal.pcbi.1014117.s001
http://journals.plos.org/ploscompbiol/article/asset?unique&id=info:doi/10.1371/journal.pcbi.1014117.s002
http://journals.plos.org/ploscompbiol/article/asset?unique&id=info:doi/10.1371/journal.pcbi.1014117.s003
http://journals.plos.org/ploscompbiol/article/asset?unique&id=info:doi/10.1371/journal.pcbi.1014117.s004
http://journals.plos.org/ploscompbiol/article/asset?unique&id=info:doi/10.1371/journal.pcbi.1014117.s005

Author contributions

Conceptualization: Ruwini Rupasinghe, Brittany L Morgan Bustamante, Beatriz Martinez Lopez.
Data curation: Brittany L Morgan Bustamante.

Formal analysis: Brittany L Morgan Bustamante.

Funding acquisition: Beatriz Martinez Lépez.

Investigation: Ruwini Rupasinghe, Brittany L Morgan Bustamante.

Methodology: Ruwini Rupasinghe, Brittany L Morgan Bustamante, Beatriz Martinez Lépez.
Resources: Rebecca C Robbins, Maria J Clavijo.

Supervision: Beatriz Martinez Lopez.

Writing — original draft: Ruwini Rupasinghe, Brittany L Morgan Bustamante.

Writing — review & editing: Ruwini Rupasinghe, Brittany L Morgan Bustamante, Rebecca C Robbins, Maria J Clavijo,
Beatriz Martinez Lépez.

References

1. Segura M, Aragon V, Brockmeier SL, Gebhart C, Greeff A de, Kerdsin A, et al. Update on Streptococcus suis research and prevention in the era of
antimicrobial restriction: 4th international workshop on S. suis. Vol. 9, Pathogens. Basel, Switzerland; 2020. p. 374.

2. Straw BE, Zimmerman JJ, D’Allaire S, Taylor DJ. Diseases of swine. 9th ed. Backwell Publishing. 2006.

3. Wertheim HFL, Nguyen HN, Taylor W, Lien TTM, Ngo HT, Nguyen TQ, et al. Streptococcus suis, an important cause of adult bacterial meningitis in
northern Vietnam. PLoS One. 2009;4(6):€5973. https://doi.org/10.1371/journal.pone.0005973 PMID: 19543404

4. Obradovic MR, Corsaut L, Dolbec D, Gottschalk M, Segura M. Experimental evaluation of protection and immunogenicity of Streptococcus suis
bacterin-based vaccines formulated with different commercial adjuvants in weaned piglets. Vet Res. 2021;52(1):133. https://doi.org/10.1186/
$13567-021-01004-x PMID: 34666827

5. Uruén C, Garcia C, Fraile L, Tommassen J, Arenas J. How Streptococcus suis escapes antibiotic treatments. Vet Res. 2022;53(1):91. https://doi.
org/10.1186/s13567-022-01111-3 PMID: 36371221

6. Palmieri C, Varaldo PE, Facinelli B. Streptococcus suis, an Emerging Drug-Resistant Animal and Human Pathogen. Front Microbiol. 2011;2:235.
https://doi.org/10.3389/fmicb.2011.00235 PMID: 22275909

7. Neu HC, Gootz TD. Antimicrobial chemotherapy. In: Baron S, editor. Medical Microbiology. 4th editio. Galveston (TX): University of Texas Medical
Branch at Galveston; 1996.

8. Munita JM, Arias CA. Mechanisms of Antibiotic Resistance. Microbiol Spectr. 2016;4(2):10.1128/microbiolspec.VMBF-0016-2015. https://doi.
org/10.1128/microbiolspec.VMBF-0016-2015 PMID: 27227291

9. Nikaido H. Multidrug resistance in bacteria. Annu Rev Biochem. 2009;78:119—46. https://doi.org/10.1146/annurev.biochem.78.082907.145923
PMID: 19231985

10. Ludwig A, Berthiaume P, Boerlin P, Gow S, Léger D, Lewis Fl. Identifying associations in Escherichia coli antimicrobial resistance patterns using
additive Bayesian networks. Prev Vet Med. 2013;110(1):64—75. https://doi.org/10.1016/j.prevetmed.2013.02.005 PMID: 23484804

11. Song M-K, Lin F-C, Ward SE, Fine JP. Composite variables: when and how. Nurs Res. 2013;62(1):45-9. https://doi.org/10.1097/
NNR.0b013e3182741948 PMID: 23114795

12. Morgan BL, Depenbrock S, Martinez-Lopez B. Identifying Associations in Minimum Inhibitory Concentration Values of Escherichia coli Samples
Obtained From Weaned Dairy Heifers in California Using Bayesian Network Analysis. Front Vet Sci. 2022;9:771841. https://doi.org/10.3389/
fvets.2022.771841 PMID: 35573403

13. Kratzer G, Lewis FI, Willi B, Meli ML, Boretti FS, Hofmann-Lehmann R, et al. Bayesian Network Modeling Applied to Feline Calicivirus Infection
Among Cats in Switzerland. Front Vet Sci. 2020;7:73. https://doi.org/10.3389/fvets.2020.00073 PMID: 32175337

14. Morgan Bustamante BL, Chigerwe M, Martinez-Lépez B, Aly SS, McArthur G, EIAshmawy WR, et al. Antimicrobial Susceptibility in Respiratory
Pathogens and Farm and Animal Variables in Weaned California Dairy Heifers: Logistic Regression and Bayesian Network Analyses. Antibiotics
(Basel). 2024;13(1):50. https://doi.org/10.3390/antibiotics 13010050 PMID: 38247609

15. Silva APSP, Aimeida M, Michael A, Rahe MC, Siepker C, Magstadt DR, et al. Detection and disease diagnosis trends (2017-2022) for Strepto-
coccus suis, Glaesserella parasuis, Mycoplasma hyorhinis, Actinobacillus suis and Mycoplasma hyosynoviae at lowa State University Veterinary
Diagnostic Laboratory. BMC Vet Res. 2023;19(1):268.

16. Varela NP, Gadbois P, Thibault C, Gottschalk M, Dick P, Wilson J. Antimicrobial resistance and prudent drug use for Streptococcus suis. Anim
Health Res Rev. 2013;14(1):68-77. https://doi.org/10.1017/S1466252313000029 PMID: 23683342

PLOS Computational Biology | https:/doi.org/10.1371/journal.pcbi.1014117 March 26, 2026 15717



https://doi.org/10.1371/journal.pone.0005973
http://www.ncbi.nlm.nih.gov/pubmed/19543404
https://doi.org/10.1186/s13567-021-01004-x
https://doi.org/10.1186/s13567-021-01004-x
http://www.ncbi.nlm.nih.gov/pubmed/34666827
https://doi.org/10.1186/s13567-022-01111-3
https://doi.org/10.1186/s13567-022-01111-3
http://www.ncbi.nlm.nih.gov/pubmed/36371221
https://doi.org/10.3389/fmicb.2011.00235
http://www.ncbi.nlm.nih.gov/pubmed/22275909
https://doi.org/10.1128/microbiolspec.VMBF-0016-2015
https://doi.org/10.1128/microbiolspec.VMBF-0016-2015
http://www.ncbi.nlm.nih.gov/pubmed/27227291
https://doi.org/10.1146/annurev.biochem.78.082907.145923
http://www.ncbi.nlm.nih.gov/pubmed/19231985
https://doi.org/10.1016/j.prevetmed.2013.02.005
http://www.ncbi.nlm.nih.gov/pubmed/23484804
https://doi.org/10.1097/NNR.0b013e3182741948
https://doi.org/10.1097/NNR.0b013e3182741948
http://www.ncbi.nlm.nih.gov/pubmed/23114795
https://doi.org/10.3389/fvets.2022.771841
https://doi.org/10.3389/fvets.2022.771841
http://www.ncbi.nlm.nih.gov/pubmed/35573403
https://doi.org/10.3389/fvets.2020.00073
http://www.ncbi.nlm.nih.gov/pubmed/32175337
https://doi.org/10.3390/antibiotics13010050
http://www.ncbi.nlm.nih.gov/pubmed/38247609
https://doi.org/10.1017/S1466252313000029
http://www.ncbi.nlm.nih.gov/pubmed/23683342

17.

18.

19.

20.

21.

22.

23.

24,

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

Seitz M, Valentin-Weigand P, Willenborg J. Use of antibiotics and antimicrobial resistance in veterinary medicine as exemplified by the swine patho-
gen Streptococcus suis. In: Stadler M, Dersch P, editors. How to Overcome the Antibiotic Crisis Current Topics in Microbiology and Immunology.
Cham: Springer International Publishing; 2016. p. 103-21.

Magiorakos A-P, Srinivasan A, Carey RB, Carmeli Y, Falagas ME, Giske CG, et al. Multidrug-resistant, extensively drug-resistant and
pandrug-resistant bacteria: an international expert proposal for interim standard definitions for acquired resistance. Clin Microbiol Infect.
2012;18(3):268-81. https://doi.org/10.1111/j.1469-0691.2011.03570.x PMID: 21793988

Sweeney MT, Lubbers BV, Schwarz S, Watts JL. Applying definitions for multidrug resistance, extensive drug resistance and pandrug resistance to
clinically significant livestock and companion animal bacterial pathogens. J Antimicrob Chemother. 2018;73(6).

Veterinary feed directive. Code of Federal Regulations. Last modified June 3, 2015. [cited 2026 Jan 9]. Available from: https://www.federalregister.
gov/articles/2015/06/03/2015-13393/veterinary-feed-directive

US FDA. Department of Health and Human Services Center for Veterinary Medicine. #209 Guidance for industry: the judicious use of medically
important antimicrobial drugs in food-producing animals. Last modified April 13, 2012. [cited 2026 Jan 9]. Available from: https://www.fda.gov/
media/79140/download

Grossman TH. Tetracycline Antibiotics and Resistance. Cold Spring Harb Perspect Med. 2016;6(4):a025387. https://doi.org/10.1101/cshperspect.
2025387 PMID: 26989065

Krause KM, Serio AW, Kane TR, Connolly LE. Aminoglycosides: An Overview. Cold Spring Harb Perspect Med. 2016;6(6):a027029. https://doi.
org/10.1101/cshperspect.a027029 PMID: 27252397

Garneau-Tsodikova S, Labby KJ. Mechanisms of Resistance to Aminoglycoside Antibiotics: Overview and Perspectives. Medchemcomm.
2016;7(1):11-27. https://doi.org/10.1039/C5MD00344J PMID: 26877861

Ramirez MS, Tolmasky ME. Aminoglycoside modifying enzymes. Drug Resist Updat. 2010;13(6):151-71. https://doi.org/10.1016/j.
drup.2010.08.003 PMID: 20833577

Wang YC, Lipsitch M. Upgrading antibiotic use within a class: tradeoff between resistance and treatment success. Proc Natl Acad Sci U S A.
2006;103(25):9655-60. https://doi.org/10.1073/pnas.0600636103 PMID: 16772381

Lazar V, Nagy |, Spohn R, Csérgd B, Gydrkei A, Nyerges A, et al. Genome-wide analysis captures the determinants of the antibiotic
cross-resistance interaction network. Nat Commun. 2014;5:4352. https://doi.org/10.1038/ncomms5352 PMID: 25000950

Baym M, Stone LK, Kishony R. Multidrug evolutionary strategies to reverse antibiotic resistance. Science. 2016;351(6268):aad3292. https://doi.
org/10.1126/science.aad3292 PMID: 26722002

van Samkar A, Brouwer MC, Schultsz C, van der Ende A, van de Beek D. Streptococcus suis Meningitis: A Systematic Review and Meta-analysis.
PLoS Negl Trop Dis. 2015;9(10):e0004191. https://doi.org/10.1371/journal.pntd.0004191 PMID: 26505485

Hevey D. Network analysis: a brief overview and tutorial. Health Psychol Behav Med. 2018;6(1):301-28. https://doi.org/10.1080/21642850.2018.15
21283 PMID: 34040834

Hernandez-Garcia J, Wang J, Restif O, Holmes MA, Mather AE, Weinert LA. Patterns of antimicrobial resistance in Streptococcus suis isolates
from pigs with or without streptococcal disease in England between 2009 and 2014. Vet Microbiol. 2017;207:117-24.

Petrocchi-Rilo M, Martinez-Martinez S, Aguarén-Turrientes A, Roca-Martinez E, Garcia-Iglesias M-J, Pérez-Fernandez E, et al. Anatomical Site,
Typing, Virulence Gene Profiling, Antimicrobial Susceptibility and Resistance Genes of Streptococcus suis Isolates Recovered from Pigs in Spain.
Antibiotics. 2021;10(6):707. https://doi.org/10.3390/antibiotics 10060707

Lunha K, Chumpol W, Jiemsup S, Samngamnim S, Assavacheep P, Yongkiettrakul S. Relationship between Penicillin-Binding Proteins Alterations
and B-Lactams Non-Susceptibility of Diseased Pig-Isolated Streptococcus suis. Antibiotics (Basel). 2023;12(1):158. https://doi.org/10.3390/antibiot-
ics12010158 PMID: 36671359

Hu P, Yang M, Zhang A, Wu J, Chen B, Hua Y, et al. Comparative genomics study of multi-drug-resistance mechanisms in the antibiotic-resistant
Streptococcus suis R61 strain. PLoS One. 2011;6(9):€24988. https://doi.org/10.1371/journal.pone.0024988 PMID: 21966396

Leclercq R. Mechanisms of resistance to macrolides and lincosamides: nature of the resistance elements and their clinical implications. Clin Infect
Dis. 2002;34(4):482-92.

Baindara P. Mechanism of bacterial co-resistance. In: Mandal SM, Paul D, editors. Bacterial adaptation to co-resistance. Singapore: Springer;
2019. p. 191-210.

Hadjirin NF, Wileman TM, Hernandez-Garcia J, Parkhill J, Tucker AW, Welch JJ. Linking phenotype, genotype and ecology: antimicrobial resis-
tance in the zoonotic pathogen Streptococcus suis. bioRxiv. 2020.

Libante V, Nombre Y, Coluzzi C, Staub J, Guédon G, Gottschalk M. Chromosomal conjugative and mobilizable elements in Streptococcus suis:
maijor actors in the spreading of antimicrobial resistance and bacteriocin synthesis genes. Pathogens. 2020;9.

Holden MTG, Hauser H, Sanders M, Ngo TH, Cherevach I, Cronin A, et al. Rapid evolution of virulence and drug resistance in the emerging zoo-
notic pathogen Streptococcus suis. PLoS One. 2009;4(7):€6072. https://doi.org/10.1371/journal.pone.0006072 PMID: 19603075

YuY, Fang J-T, Zheng M, Zhang Q, Walsh TR, Liao X-P, et al. Combination Therapy Strategies Against Multiple-Resistant Streptococcus Suis.
Front Pharmacol. 2018;9:489. https://doi.org/10.3389/fphar.2018.00489 PMID: 29867493

Monzén M, Oteiza C, Leiva J, Amorena B. Synergy of different antibiotic combinations in biofilms of Staphylococcus epidermidis. J Antimicrob
Chemother. 2001;48(6):793-801. https://doi.org/10.1093/jac/48.6.793 PMID: 11733463

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1014117 March 26, 2026 16 /17



https://doi.org/10.1111/j.1469-0691.2011.03570.x
http://www.ncbi.nlm.nih.gov/pubmed/21793988
https://www.federalregister.gov/articles/2015/06/03/2015-13393/veterinary-feed-directive
https://www.federalregister.gov/articles/2015/06/03/2015-13393/veterinary-feed-directive
https://www.fda.gov/media/79140/download
https://www.fda.gov/media/79140/download
https://doi.org/10.1101/cshperspect.a025387
https://doi.org/10.1101/cshperspect.a025387
http://www.ncbi.nlm.nih.gov/pubmed/26989065
https://doi.org/10.1101/cshperspect.a027029
https://doi.org/10.1101/cshperspect.a027029
http://www.ncbi.nlm.nih.gov/pubmed/27252397
https://doi.org/10.1039/C5MD00344J
http://www.ncbi.nlm.nih.gov/pubmed/26877861
https://doi.org/10.1016/j.drup.2010.08.003
https://doi.org/10.1016/j.drup.2010.08.003
http://www.ncbi.nlm.nih.gov/pubmed/20833577
https://doi.org/10.1073/pnas.0600636103
http://www.ncbi.nlm.nih.gov/pubmed/16772381
https://doi.org/10.1038/ncomms5352
http://www.ncbi.nlm.nih.gov/pubmed/25000950
https://doi.org/10.1126/science.aad3292
https://doi.org/10.1126/science.aad3292
http://www.ncbi.nlm.nih.gov/pubmed/26722002
https://doi.org/10.1371/journal.pntd.0004191
http://www.ncbi.nlm.nih.gov/pubmed/26505485
https://doi.org/10.1080/21642850.2018.1521283
https://doi.org/10.1080/21642850.2018.1521283
http://www.ncbi.nlm.nih.gov/pubmed/34040834
https://doi.org/10.3390/antibiotics10060707
https://doi.org/10.3390/antibiotics12010158
https://doi.org/10.3390/antibiotics12010158
http://www.ncbi.nlm.nih.gov/pubmed/36671359
https://doi.org/10.1371/journal.pone.0024988
http://www.ncbi.nlm.nih.gov/pubmed/21966396
https://doi.org/10.1371/journal.pone.0006072
http://www.ncbi.nlm.nih.gov/pubmed/19603075
https://doi.org/10.3389/fphar.2018.00489
http://www.ncbi.nlm.nih.gov/pubmed/29867493
https://doi.org/10.1093/jac/48.6.793
http://www.ncbi.nlm.nih.gov/pubmed/11733463

42.

43.

44.

45.

46.

47.

48.

49.

50.

51.

52.

53.

54.

55.

56.

57.

58.

59.

60.

61.

62.

63.

64.
65.

Bollenbach T. Antimicrobial interactions: mechanisms and implications for drug discovery and resistance evolution. Curr Opin Microbiol. 2015;27:1—
9. https://doi.org/10.1016/j.mib.2015.05.008 PMID: 26042389

Rattanapanadda P, Kuo H-C, Vickroy TW, Sung C-H, Rairat T, Lin T-L, et al. In vitro and in vivo Synergistic Effects of Florfenicol and Thiamphenicol
in Combination Against Swine Actinobacillus pleuropneumoniae and Pasteurella multocida. Front Microbiol. 2019;10:2430. https://doi.org/10.3389/
fmicb.2019.02430 PMID: 31749775

Torella JP, Chait R, Kishony R. Optimal drug synergy in antimicrobial treatments. PLoS Comput Biol. 2010;6(6):e1000796. https://doi.org/10.1371/
journal.pcbi.1000796 PMID: 20532210

Barbosa C, Rémhild R, Rosenstiel P, Schulenburg H. Evolutionary stability of collateral sensitivity to antibiotics in the model pathogen Pseudomo-
nas aeruginosa. Elife. 2019;8:51481. https://doi.org/10.7554/eLife.51481 PMID: 31658946

Mahmud HA, Wakeman CA. Navigating collateral sensitivity: insights into the mechanisms and applications of antibiotic resistance trade-offs. Front
Microbiol. 2024;15:1478789. https://doi.org/10.3389/fmicb.2024.1478789 PMID: 39512935

Lunha K, Chumpol W, Samngamnim S, Jiemsup S, Assavacheep P, Yongkiettrakul S. Antimicrobial susceptibility of Streptococcus suis isolated
from diseased pigs in Thailand, 2018-2020. Antibiotics. 2022 Mar;11(3).

Davis BD. Bactericidal synergism between beta-lactams and aminoglycosides: mechanism and possible therapeutic implications. Rev Infect Dis.
1982;4(2):237-45. https://doi.org/10.1093/clinids/4.2.237 PMID: 7051225

Hooton TM, Blair AD, Turck M, Counts GW. Synergism at clinically attainable concentrations of aminoglycoside and beta-lactam antibiotics. Antimi-
crob Agents Chemother. 1984;26(4):535-8. https://doi.org/10.1128/AAC.26.4.535 PMID: 6517544

Dai C, Zhao T, Yang X, Xiao X, Velkov T, Tang S. Pharmacokinetics and relative bioavailability of an oral amoxicillin-apramycin combination in pigs.
PLoS One. 2017;12(4):e0176149. https://doi.org/10.1371/journal.pone.0176149 PMID: 28426744

Frimodt-Mgller N, Frglund Thomsen V. Interaction between beta-lactam antibiotics and gentamicin against Streptococcus pneumoniae in vitro and
in vivo. Acta Pathol Microbiol Immunol Scand B. 1987;95(5):269—75. https://doi.org/10.1111/].1699-0463.1987.tb03124.x PMID: 3673584

Villar H, Jugo M, Farinati A. Efficacy of gentamycin combined with beta-lactam antibiotics against penicillin-resistant and non-resistant Streptococ-
cus agalactiae. Enferm Infecc Microbiol Clin. 1994;12(8):385-9. PMID: 7981289

Tateda K, Matsumoto T, Miyazaki S, Yamaguchi K. Efficacy of beta-lactam antibiotics combined with gentamicin against penicillin-resistant pneu-
mococcal pneumonia in CBA/J mice. J Antimicrob Chemother. 1999;43(3):367—71. https://doi.org/10.1093/jac/43.3.367 PMID: 10223592

Marcus R, Paul M, Elphick H, Leibovici L. Clinical implications of B-lactam-aminoglycoside synergism: systematic review of randomised trials. Int J
Antimicrob Agents. 2011;37(6):491-503. https://doi.org/10.1016/j.ijantimicag.2010.11.029 PMID: 21292449

Rodloff A, Bauer T, Ewig S, Kujath P, Miller E. Susceptible, intermediate, and resistant - the intensity of antibiotic action. Dtsch Arztebl Int.
2008;105(39):657-62.

Huang J, Ma J, Shang K, Hu X, Liang Y, Li D, et al. Evolution and Diversity of the Antimicrobial Resistance Associated Mobilome in Streptococ-
cus suis: A Probable Mobile Genetic Elements Reservoir for Other Streptococci. Front Cell Infect Microbiol. 2016;6:118. https://doi.org/10.3389/
fcimb.2016.00118 PMID: 27774436

Dechéne-Tempier M, Marois-Créhan C, Libante V, Jouy E, Leblond-Bourget N, Payot S. Update on the Mechanisms of Antibiotic Resistance and
the Mobile Resistome in the Emerging Zoonotic Pathogen Streptococcus suis. Microorganisms. 2021;9(8):1765. https://doi.org/10.3390/microor-
ganisms9081765 PMID: 34442843

Humphries RM. Re-exploring the intermediate interpretive category. In: Hindler JA, Schuetz AN, editors. CLSI Subcommittee on Antimicrobial Sus-
ceptibility Testing: CLSI AST News Update. Clinical and Laboratory Standards Institute (CLSI). 2021. p. 7-9.

Hayer SS, Rovira A, Olsen K, Johnson TJ, Vannucci F, Rendahl A, et al. Prevalence and time trend analysis of antimicrobial resistance in respi-
ratory bacterial pathogens collected from diseased pigs in USA between 2006-2016. Res Vet Sci. 2020;128:135-44. https://doi.org/10.1016/].
rvsc.2019.11.010 PMID: 31785428

Lappenschaar M, Hommersom A, Lucas PJF, Lagro J, Visscher S. Multilevel Bayesian networks for the analysis of hierarchical health care data.
Artif Intell Med. 2013;57(3):171-83. https://doi.org/10.1016/j.artmed.2012.12.007 PMID: 23419697

Satya Eswari J, Kavya K. Optimal feed profile for the Rhamnolipid kinetic models by using Tabu search: metabolic view point. AMB Express.
2016;6(1):116. https://doi.org/10.1186/s13568-016-0279-8 PMID: 27854078

Scutari M, Graafland CE, Gutiérrez JM. Who learns better Bayesian network structures: constraint-based, score-based or hybrid algorithms? In:
Kratochvil V, Studeny M, editors. Proceedings of the Ninth International Conference on Probabilistic Graphical Models. PMLR; 2018. p. 416-27.
(Proceedings of Machine Learning Research; vol. 72).

Do CB, Batzoglou S. What is the expectation maximization algorithm?. Nat Biotechnol. 2008;26(8):897-9. https://doi.org/10.1038/nbt1406 PMID:
18688245

Scutari M. bnlearn-an R package for Bayesian network learning and inference. 2011 [cited 2022 Dec 5]. Available from: https://www.bnlearn.com/

Ji Z, Xia Q, Meng G. A Review of Parameter Learning Methods in Bayesian Network. Lecture Notes in Computer Science. Springer International
Publishing. 2015. p. 3-12. https://doi.org/10.1007/978-3-319-22053-6_1

PLOS Computational Biology | https:/doi.org/10.1371/journal.pcbi.1014117 March 26, 2026 17117



https://doi.org/10.1016/j.mib.2015.05.008
http://www.ncbi.nlm.nih.gov/pubmed/26042389
https://doi.org/10.3389/fmicb.2019.02430
https://doi.org/10.3389/fmicb.2019.02430
http://www.ncbi.nlm.nih.gov/pubmed/31749775
https://doi.org/10.1371/journal.pcbi.1000796
https://doi.org/10.1371/journal.pcbi.1000796
http://www.ncbi.nlm.nih.gov/pubmed/20532210
https://doi.org/10.7554/eLife.51481
http://www.ncbi.nlm.nih.gov/pubmed/31658946
https://doi.org/10.3389/fmicb.2024.1478789
http://www.ncbi.nlm.nih.gov/pubmed/39512935
https://doi.org/10.1093/clinids/4.2.237
http://www.ncbi.nlm.nih.gov/pubmed/7051225
https://doi.org/10.1128/AAC.26.4.535
http://www.ncbi.nlm.nih.gov/pubmed/6517544
https://doi.org/10.1371/journal.pone.0176149
http://www.ncbi.nlm.nih.gov/pubmed/28426744
https://doi.org/10.1111/j.1699-0463.1987.tb03124.x
http://www.ncbi.nlm.nih.gov/pubmed/3673584
http://www.ncbi.nlm.nih.gov/pubmed/7981289
https://doi.org/10.1093/jac/43.3.367
http://www.ncbi.nlm.nih.gov/pubmed/10223592
https://doi.org/10.1016/j.ijantimicag.2010.11.029
http://www.ncbi.nlm.nih.gov/pubmed/21292449
https://doi.org/10.3389/fcimb.2016.00118
https://doi.org/10.3389/fcimb.2016.00118
http://www.ncbi.nlm.nih.gov/pubmed/27774436
https://doi.org/10.3390/microorganisms9081765
https://doi.org/10.3390/microorganisms9081765
http://www.ncbi.nlm.nih.gov/pubmed/34442843
https://doi.org/10.1016/j.rvsc.2019.11.010
https://doi.org/10.1016/j.rvsc.2019.11.010
http://www.ncbi.nlm.nih.gov/pubmed/31785428
https://doi.org/10.1016/j.artmed.2012.12.007
http://www.ncbi.nlm.nih.gov/pubmed/23419697
https://doi.org/10.1186/s13568-016-0279-8
http://www.ncbi.nlm.nih.gov/pubmed/27854078
https://doi.org/10.1038/nbt1406
http://www.ncbi.nlm.nih.gov/pubmed/18688245
https://www.bnlearn.com/
https://doi.org/10.1007/978-3-319-22053-6_1

