Fujikura et al. Antimicrobial Resistance & Infection Control (2026) 15:69 Antimicrobial Resistance &
https://doi.org/10.1186/s13756-026-01741-8 Infection Control

Check for
updates
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and Bayesian modeling for outbreak
transmission inference
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Abstract

Background Traditional molecular epidemiological analysis has been limited in its ability to evaluate pathogen
homology, making detailed transmission pathway estimation in outbreaks challenging. Bayesian reconstruction
methods using whole-genome sequencing and epidemiological data enable estimation of temporal transmission
relationships from within-host diversity. This study examined the practical utility and limitations of transmission
pathway inference via whole-genome analysis with nanopore sequencers for SARS-CoV-2 and multidrug-resistant
Acinetobacter (MDRA) outbreaks.

Methods Two outbreaks at the National Defense Medical College Hospital were analyzed: COVID-19 (9 individuals)
and MDRA (22 cases). Transmission pathways were estimated via BadTrIP, an open-source Bayesian package for
reconstructing transmission histories from genomic polymorphisms, with whole-genome sequencing performed on
an Oxford Nanopore MinlON. Input data included sample collection times, infection exposure periods, and nucleotide
counts; SARS-CoV-2 genomes were obtained directly from nasopharyngeal swabs, whereas preserved bacterial
isolates were used for MDRA.

Results During the SARS-CoV-2 outbreak, one patient and eight staff members were infected within one week,

and BadTrlP inferred transmission from the index patient to multiple healthcare workers, followed by onward spread
mainly among staff, consistent with descriptive epidemiology. The inferred transmission tree highlighted staff
providing intensive oral care to the index patient and identified a staff member who intermittently worked unmasked,
aligning with known infection prevention considerations, although mask effectiveness could not be formally
quantified. In the MDRA outbreak, the inferred transmission network showed several high-probability links between
patients on different wards with limited apparent contact, indicating discrepancies with ward-based spread, and
spreader analysis identified only longer hospitalized duration as significantly associated with spreader status.

Conclusions BadTrlP is useful for transmission pathway estimation, although its accuracy depends on pathogen
characteristics, outbreak duration, and sample properties. High concordance with clinical and epidemiological
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isolates should be carefully interpreted as exploratory.

\Co\/—2, Multidrug-resistant Acinetobacter

information was achieved for the short-term SARS-CoV-2 outbreak using directly sequenced clinical specimens,
whereas the prolonged MDRA outbreak based on preserved isolates showed limited accuracy and epidemiologically
difficult-to-explain links. BadTrIP therefore appears most informative for short- to intermediate-term outbreaks with
sufficient genetic diversity and direct sampling, while transmission trees from long-term outbreaks using preserved
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Introduction

When healthcare-associated outbreaks occur, infection
control departments estimate infection sources, trans-
mission pathways, and risk factors from a descriptive
epidemiological perspective, evaluate infection control
measures, develop new strategies, and work to achieve
early outbreak resolution. In this context, molecular epi-
demiological analysis of microorganisms, particularly
bacteria, involves evaluating strain homology via pulsed-
field gel electrophoresis [1], rep-PCR [2], POT methods
[3], and similar techniques for particular species [4].
However, since the same clone typically spreads in most
outbreaks, the impact of homology evaluation via these
methods on epidemiological assessment is limited.

Recently, whole-genome sequencing has become more
accessible, and attempts to use it in epidemiological
investigations of outbreaks have been reported [5-14].
Specifically, these efforts aim to estimate temporal trans-
mission relationships, rather than only strain homology,
by inferring evolutionary, mutational, and derivational
relationships among pathogens from genomic sequence
changes using Bayesian outbreak reconstruction methods
[5, 7-9, 11]. Whole-genome analysis thus has the poten-
tial to significantly improve the accuracy of infection
pathway estimation beyond the limitations of descriptive
epidemiology. Methods have been developed to create
transmission pathway diagrams by estimating genome
evolution through Bayesian reconstruction based on
within-host diversity, and these methods have been
applied to some outbreaks. Among these approaches,
BadTrIP (BAyesian epiDemiological TRansmission Infer-
ence from Polymorphisms) [11] is a Bayesian method
that integrates epidemiological data (sampling times
and exposure periods) with genomic data, including
within-host variants, to infer transmission linkages and
timing. Instead of relying solely on consensus sequences
or pairwise genetic distances, BadTrIP models pathogen
populations within each host and incorporates transmis-
sion bottlenecks and sequencing error into the transmis-
sion inference process.

This study applies this method to SARS-CoV-2 and
multidrug-resistant Acinetobacter (MDRA), two patho-
gen types (virus and bacterium), to assess whether trans-
mission pathway diagrams consistent with descriptive
epidemiology can be generated in clinical practice and

to clarify the limitations of this approach. We used por-
table, relatively low-cost nanopore sequencers for on-site
whole-genome sequencing, constructed transmission
pathway diagrams, and evaluated their practical utility
and limitations in routine outbreak investigations.

Materials and methods

Study setting and overview

The creation of a transmission pathway prediction dia-
gram for SARS-CoV-2 and MDRA was conducted at the
National Defense Medical College Hospital, a tertiary
emergency medical facility with 800 beds. The study
targeted a COVID-19 outbreak involving nine individu-
als in the same ward/department in April 2022 and an
MDRA outbreak involving 22 cases from 2012 to 2014.
Basic attributes, diseases, comorbidities, and medical
care information were collected from patients and staff
from whom the target microorganisms were detected
in these two outbreaks via electronic medical records
and interviews. The periods and times when the sam-
ples were collected that were considered to contribute
to pathogen transmission were also identified. Clinical
specimens obtained from each pathogen were processed
as described below, and whole-genome analysis was
performed via Oxford Nanopore Technologies (ONT)
MinION. The study was planned and conducted in accor-
dance with the Declaration of Helsinki and approved by
the institutional ethics committee (No. 4456, 5096).

BadTrIP application

An open-source BEAST?2 [15] package for Bayesian infer-
ence of epidemiological transmission from genomic poly-
morphisms, BadTrIP [11] was used to estimate pathogen
transmission pathways. BadTrIP combines epidemiologi-
cal data with within-host pathogen evolution and trans-
mission models, requiring three input values: (1) the
time when the sample was collected, (2) a time interval
for each host describing when it can contribute to the
outbreak (infection exposure period), and (3) genetic
data from each sample in the form of nucleotide counts
for each genome position. When nucleotide counts are
unavailable, samples can be added to the analysis by
inputting only epidemiological data.
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Epidemiological information collection

Electronic medical records were referenced for patients
involved in outbreaks, and the time when positive sam-
ples were collected was designated the sampling time.

Different criteria were used for the infection exposure
period contributing to outbreaks of SARS-CoV-2 versus
MDRA. For SARS-CoV-2, we set the introduction time
to day - 4 relative to symptom onset (day 0), based on an
estimated incubation period of 3.4 days for the Omicron
variant [16]. The removal time was defined as the day of
absence from work or isolation, and this interval between
introduction and removal was used as the infection expo-
sure period.

For MDRA, the introduction time could not be speci-
fied based on clinical onset because symptoms were often
unclear and many cases were detected through active
screening; therefore, we defined the introduction time as
the day of hospital admission. Although contact precau-
tions were implemented upon detection, many patients
continued to receive intensive care, and infections con-
tinued to occur despite these measures, suggesting some
degree of infection control failure. Because specific fail-
ing patients or situations could not be identified, the
removal time was set at hospital discharge, and the infec-
tion exposure period for each patient was defined as the
interval from admission to discharge. As the MDRA
outbreak extended over a long period, BadTrIP was run
using weekly rather than daily time steps to reduce com-
putational burden.

SARS-CoV-2 genomic data acquisition

RNA was extracted from PCR residual samples for
COVID-19 diagnosis and analyzed via methods simi-
lar to those of the National Institute of Infectious Dis-
eases SARS-CoV-2 genome analysis protocol version
1.6 [17]. The NEB ARTIC SARS-CoV-2 Companion
Kit (E7660S/L) for Omicron and ONT Native Barcod-
ing Expansion Kits 1-12 (EXP-NBD104) were used for
SARS-CoV-2 analysis. Following the manufacturer’s
instructions, libraries were prepared via an ONT Liga-
tion Sequencing Kit (SQK-LSK109) and an ONT Flow
Cell Priming Kit (EXP-FLP002) and then sequenced
via ONT MinIlON Mklc with flow cells (R.9.4.1, FLO-
MIN106D). Basecalling was performed using Guppy
(version 4.5, Oxford Nanopore Technologies). Reads with
a mean quality score < 10 were excluded from down-
stream analysis. For SARS-CoV-2, we restricted the anal-
ysis to genomic positions with a minimum depth of at
least 100 reads.

The fastq data were mapped via SAMtools [18],
and strain-specific SNPs and INDELs were identi-
fied via VCFtools [19]. For genes, we first identified
sample-specific variant sites using VCFtools and then
selected eight loci with high coverage (> 100x) and clear
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between-sample variation, while avoiding adjacent posi-
tions, to reduce the impact of obvious local linkage.
The reference sequence used was Genome assembly
ASM985889v3 (NCBI Datasets), and nucleotide counting
was performed via IGV ver. 2.14.1 [20].

MDRA genomic data acquisition

The MDRAs were identified from clinical samples via a
Microscan Walkaway 96 Plus (Beckman Coulter) with
a Neg Combo Panel (Neg Combo 6.1 J). According to
Japan’s Ministry of Health, Labor and Welfare, MDRA is
defined by resistance to three antimicrobial classes: car-
bapenems, fluoroquinolones, and aminoglycosides [21].
The MDRA isolated during the outbreak was stored in
microbanks (IWAKI & Co., Ltd.), and preserved isolates
were used in this study. The MDRA isolates were cul-
tured for 24 h on sheep-blood agar plates, and genomic
DNA was extracted with MagLEAD 12gC (Precision Sys-
tem Science).

For whole-genome sequencing, DNA libraries were
prepared via the ONT Rapid Barcoding Sequencing Kit
(SQK-RBK004) following the manufacturer’s instructions
and then sequenced via ONT MinION Mk1b and Mklc
with flow cells (R.9.4.1, FLO-MIN106D). Basecalling was
performed using Guppy (version 4.5, Oxford Nanopore
Technologies) and reads with a mean quality score<10
were excluded from downstream analysis. Because over-
all coverage was lower for MDRA than for SARS-CoV-2,
we selected genomic sites with a SNP quality greater than
100 and an average depth of approximately 20 reads and
used only these high-confidence positions for analysis.

For MDRA, sequence types were determined from
fastq data obtained via Krocus [22]. Next, as shown in the
supplement, mapping was performed via SAMtools [18],
and strain-specific SNPs and INDELs were identified via
VCFtools [19]. For genes, we identified variant sites using
bcftools and selected six loci with high SNP quality and
average depth, again avoiding adjacent positions to limit
local linkage. The reference sequence usedwas Genome
assembly ASM903584v1 (NCBI Datasets), and nucleo-
tide counting was performed via IGV ver. 2.14.1 [20].

Statistical analysis
The chi-square test was used to analyze nonparametric
variables, and Fisher’s exact test was used when sample
numbers were small. Multiple logistic regression was
used to estimate risk for multivariate analysis. p<0.05
was considered significant. All the statistical analyses
were performed via GraphPad Prism 10.4.2 for Windows
(GraphPad Software, La Jolla, California, USA).

For the MDRA outbreak, we operationally defined
“spreaders” as cases with more than one outgoing trans-
mission link in the BadTrIP-inferred transmission tree
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and compared their clinical characteristics with those of
“nonspreaders” using univariate analyses.

Results

SARS-CoV-2 transmission pathway prediction

In April 2022, multiple medical staff working in the same
ward developed fever and tested positive for SARS-
CoV-2, ultimately leading to detection in 9 individuals,
including one patient in the same ward. Positive confir-
mations were concentrated within one week, indicating
that an episode was caused by the same source virus.

Viral nucleic acid extraction was performed from naso-
pharyngeal swabs, but genome collection was impossible
for one of the nine individuals who tested positive only
on rapid diagnostic tests. This individual (sample HHS8)
was entered with a zero genome count on the basis of
BadTrIP guidance.

Figure 1 shows a Gantt chart of positive case attri-
butes, onset dates, and isolation dates constituting this
outbreak.

Figure 2 shows the transmission prediction diagram
created by BadTrIP based on these data. In summary,
BadTrIP inferred that the index patient (sample HH2)
most likely transmitted SARS-CoV-2 to multiple health-
care workers, with subsequent onward transmission
occurring mainly among staff members.
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MDRA transmission pathway prediction

MDRA was first detected in August 2012 in a patient
who was treated for multiple myeloma, after which
MDRA was detected successively in other wards. Detec-
tion included both attending physician-ordered culture
tests and screening. Despite patient isolation and strict
contact precautions, MDRA was detected intermit-
tently hospital-wide, with 23 positive cases identified
before resolution. Previous PFGE analysis confirmed the
homology among 22 of these isolates [23]. These 22 iso-
lates were the targets of this analysis, with background
information for the 22 positive cases shown in Table 1.
The detected MDRA was identified as sequence type 2 by
Krocus.

Figure 3 shows the transmission prediction diagram
created by BadTrIP based on these data. Overall, the
inferred MDRA transmission network showed mul-
tiple patients acting as spreaders - patients transmitting
infection to multiple other patients - however several
high-probability links connected cases across different
wards with limited apparent epidemiological contact,
highlighting inconsistencies between the genomic trans-
mission tree and the expected ward-based spread.

Furthermore, univariate testing results compar-
ing spreader and nonspreader patient backgrounds are
shown in Table 2; Fig. 4. The results revealed that only

day

Sample Category 1 2 3 4 5 6 7 8 9 10 11 12
HH1 doctor

HH2 patient

HH3 nurse

HH4 nurse

HHS doctor

HH6 nurse

HH7 nurse

HH8 nurse -

HH9 nurse ‘

period of involvement in the transmission network

date of symptom onset

-date of isolation

Fig. 1 Gantt chart showing positive case attributes, onset dates, and isolation dates during the SARS-CoV-2 outbreak
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Fig. 2 Reconstruction of the transmission tree for the SARS-CoV-2 outbreak, showing high-probability transmissions inferred by BadTrIP

Transmission events with posterior probabilities higher than 18%, as inferred by BadTrIP. The numbers adjacent to the arrows represent posterior prob-
abilities. Arrow colors correspond to numbers, with low probabilities shown in light colors and high probabilities in dark red. The numbers written in
circles with sample numbers represent root probabilities, corresponding to circle colors (light green to dark green)

hospitalized duration was significantly associated with
spreader status.

Discussion

In this study, we applied whole-genome sequencing
using nanopore technology combined with BadTrIP to
reconstruct transmission pathways during two distinct
outbreaks: a short-term SARS-CoV-2 outbreak and a
prolonged MDRA outbreak. In the SARS-CoV-2 out-
break, analysis of viral genomes directly obtained from
clinical specimens enabled reconstruction of transmis-
sion pathways consistent with conventional descrip-
tive epidemiology, demonstrating the practical utility of
this approach for short-term outbreaks. In contrast, in
the MDRA outbreak, reliance on stored isolates and the
prolonged duration of the outbreak reduced genomic
certainty and inferential precision within BadTrIP, result-
ing in several inferred transmission pathways that were
difficult to reconcile with epidemiological links. These
findings indicate that while this combined approach is

effective for short-term outbreaks, cautious interpreta-
tion is warranted in long-term outbreaks and when only
preserved isolates are available.

BadTrIP was deemed suitable for clinical use because
it considers sequencing errors and unobserved inter-
mediate hosts [11], enabling complementing descriptive
epidemiological information and potentially contrib-
ute to outbreak reviews. During the SARS-CoV-2 out-
break, transmission from index-positive cases to multiple
healthcare workers was suggested, with further spread
among healthcare workers. This positive case required
intensive medical care, particularly oral care [24], indi-
cating high transmission risk and supporting recom-
mendations to enhance infection protection for patients
requiring intensive oral care. At the time of the outbreak,
universal mask use was strongly recommended in all
inpatient areas, and interviews indicated that almost all
staff reported wearing masks consistently during patient
care and when interacting with colleagues. Staff member
HH1, who reported working without a mask during part
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of the relevant period, therefore represents an excep-
tional episode that is consistent with the known protec-
tive effect of masks against SARS-CoV-2 transmission
[25, 26]. However, HH1 was not classified as a spreader,
and we did not systematically quantify mask-wearing
adherence for all staff; thus, our data do not allow for-
mal estimation of mask effects in this outbreak. Rather,
the validity of the inferred transmission pathways is sup-
ported primarily by the overall consistency between the
BadTrIP transmission tree and the observed temporal
and contact patterns on the ward.

In this SARS-CoV-2 outbreak, we directly analyzed
viral RNA extracted from clinical nasopharyngeal
specimens, which likely reflected the within-host viral
population at the time of infection and thus provided
genomically reliable input for BadTrIP. Because the out-
break was resolved within a short period, the tempo-
ral structure of sampling and exposure windows was
well defined, and the inferred transmission tree closely
matched known epidemiological contact patterns. This
approach reduces reliance on lengthy interviews and
exhaustive manual review of patient and contact data,
and can rapidly visualize likely transmission pathways,
support post-hoc evaluation of infection prevention mea-
sures, and identify previously unrecognized epidemio-
logical links. In practical terms, the unique contribution
of this study was not to identify oral care or close staff
contact as risk factors - these were already apparent from
conventional outbreak investigation - but rather to refine
and prioritize the likely person-to-person links within
the outbreak. By assigning posterior probabilities to
each potential transmission route, the method helped to
highlight which healthcare workers were most likely cen-
trally positioned in the transmission network. In this way,
BadTrIP complements, rather than replaces, traditional
descriptive epidemiology.

In contrast, the MDRA outbreak analysis highlighted
important limitations of this approach. Because the
genomic data were derived from stored isolates that
had undergone freezing, thawing, and subculture, the
recovered genomes may not have perfectly reflected the
bacterial populations present in patients at the time of
transmission, thereby reducing genomic certainty. More-
over, the outbreak extended over a long period (more
than a year), which is expected to lower the precision of
the posterior transmission probabilities in BadTrIP.

Consistent with these methodological challenges, we
observed several correlations in which patients on dif-
ferent wards, with little contact, were inferred to have
higher posterior probabilities than patients on the same
ward with stronger spatiotemporal linkage. Such findings
are difficult to explain from a descriptive epidemiology
and indicate that, in long term bacterial outbreaks based
on preserved isolates, BadTrIP derived transmission
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trees should be interpreted exploratory with great cau-
tions. Because this was a retrospective analysis, we did
not resequence the same MDRA isolates before and after
storage and subculture, and we therefore cannot quantify
the impact of these procedures on the observed variation.
Although only limited additional mutations are generally
expected under appropriate storage conditions [27, 28],
even rare storage- or passage-related changes could alter
inferred relationships between closely related isolates in
a prolonged outbreak. Accordingly, the MDRA transmis-
sion tree in this study should be regarded as hypothesis
generating and interpreted together with detailed epide-
miological information.

We also analyzed factors contributing to transmis-
sion from specific patients. Multiple factors, includ-
ing frequent care, tracheal tube/mechanical ventilation,
previous antibiotic use and tube feeding, are generally
identified as risk factors for the spread of infection [29,
30]. However, in this study there were no significant dif-
ferences in these factors between spreaders and non-
spreaders, and only longerhospitalized duration differed
between the groups. Because patient isolation and strict
contact precautions were implemented [31] upon detec-
tion, transmission-related risks were probably lower
than before these measures, and this change in risk over
time could not be fully captured by the BadTrIP. From a
clinical perspective, patients who remain hospitalized for
extended periods inevitably accumulate more opportuni-
ties for contact with healthcare workers, shared equip-
ment and the hospital environment, which may not be
fully reflected by standard covariates. This outbreak
involved only a small number of cases, so the results in
Table 2 should be regarded as hypothesis-generating
rather than definitive. Nevertheless, for long-stay patients
colonized or infected with resistant bacteria, enhanced
infection control measures and thorough environmental
and device disinfection around these patients may help
to reduce transmission risk. However, this spreader clas-
sification is therefore exploratory and based solely on
the structure of the inferred transmission tree, without
incorporating behavioral factors, detailed contact pat-
terns or adherence to infection control measures, which
may also be important determinants of transmission risk.
Future applications should aim to define spreaders with
integration Bayesian reconstruction and infection control
information.

BadTrIP characteristically considers within-host varia-
tion rather than using pathogen sample phylogenetic
trees as proxies for transmission history, reconstructing
infection pathways, including infection directionality
and timing, through Bayesian approaches without the
assumption of single haplotypes (consensus sequences)
[10, 11]. For clinicians unfamiliar with Bayesian genomic
models, BadTrIP can be viewed as a tool that infers “who
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Table 2 Risk factors for spreaders

variables Spreader Non- pvalue Odds Ratio [OR]
(n=12) spreader (95%Cl)/
(n=10) Mean differ-
ence (95%Cl)
mechanical 4 5 0.666 OR0.50
ventilation (95%Cl -2.4-1.0)
tube feeding 9 6 0.652 OR20
(95%Cl-1.1-2.5)
carbapenem 3 5 0.378 OR0.33
usage (95%Cl -2.9-0.70)
hospitalized 18 8 0.005 Mean difference
duration 10.043.2 (95%Cl
(weeks) 3.4-16.6)
40+
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Fig. 4 Distribution of hospitalization duration between spreaders and
nonspreaders

infected whom” by combining epidemiological data with
genomic data. Instead of relying only on a single con-
sensus sequence per patient, it also uses low-frequency
within-host variants, which provide high-resolution to
infer plausible transmission directions. For each possible
infector—infectee pair, the model computes a probability
that the link is compatible with both the epidemiological
timelines and the observed genomic patterns; in our fig-
ures, darker arrows correspond to links with higher such
probabilities. In practical terms, the posterior probability
for a given arrow reflects how strongly the combined data
supports that particular route compared with alternative
pathways, rather than proving that transmission certainly
occurred along that link.

While BadTrIP considers sequencing errors [11], the
high sequencing error rates common with MinION [32]
R9.4.1 platform and Guppy-based basecallings represent

(2026) 15:69

Page 9 of 11

limitations for creating transmission diagrams via this
method. Additionally, BadTrIP does not allow us to esti-
mate the inoculum size - that is, how many pathogen
units succeed in colonizing the next host at transmission
(the so-called transmission bottleneck). Furthermore,
BadTrIP is designed under the assumption that differ-
ent genome positions are completely unlinked [11]. And,
because only 6-8 high-confidence sites per outbreak
were used as input in our dataset, and residual linkage
between loci cannot be excluded. Investigating whether
extracted genomic data sites are related was difficult,
and while adjacent sites were avoided, the impact of
genomic position selection on calculation results cannot
be ruled out. Therefore, the inferred transmission trees
should be interpreted as exploratory rather than defini-
tive. Additionally, this method has other nonnegligible
limitations. In our MDRA analysis, increasing the time
horizon to cover more than a year and 22 cases substan-
tially increased computation time over days even small
genomic site.

In terms of practical use, our SARS-CoV-2 analysis
should be regarded as a retrospective application that
mainly illustrates the value of BadTrIP for outbreak
review in short period, rather than as a real-time deci-
sion-making tool. In such settings, the outbreak may have
already resolved by the time sequencing and analysis are
completed, but a probabilistic transmission tree can still
help future lessons and refine infection control strategies.
On the other hand, our MDRA example demonstrates
that reliance on preserved isolates, and very extended
time frames could markedly reduce inference quality.
Taken together, these findings suggest that BadTrIP is
likely to be most informative in outbreaks of interme-
diate duration (weeks to a few months) with sufficient
within-outbreak genetic diversity, direct sequencing from
clinical specimens, and reasonably complete epidemio-
logical data.

In conclusion, transmission pathway estimation in out-
breaks using epidemiological information and whole-
genome analysis has clinical utility, though with caveats.
Specifically, accuracy is high and clinically useful for
pathogens such as SARS-CoV-2 that spread over short
periods and allow direct genome isolation from clinical
specimens. However, analyses of long-term outbreaks
such as MDRA or those using preserved isolates may
not adequately ensure accuracy. Further development of
methods to improve accuracy is needed, including bottle-
neck adjustment, genomic information selection for cal-
culations, and computational methods. Epidemiological
pathway estimation via such genomic analysis is expected
to advance further, and establishing appropriate compu-
tational protocols will contribute to more accurate trans-
mission inference and effective infection control.
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