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Abstract    27 

Carbapenem-resistant Klebsiella pneumoniae (CRKP) is recognized as an urgent public health 28 

threat due to its multidrug resistance and ability to spread rapidly in healthcare facilities. The 29 

frequent movement of colonized and infected patients between different facilities makes it 30 

challenging to discern where individual patients acquire CRKP, and in turn, identify facilities 31 

making the greatest contributions to regional spread. While high-intensity active surveillance 32 

combined with whole-genome sequencing has previously shown success in identifying sites of 33 

CRKP transmission, high costs and logistical barriers to regional coordination make this level of 34 

surveillance infeasible in most settings. Here, we developed an approach using genomic and 35 

healthcare exposure histories from passively collected regional isolates to identify the putative 36 

facility source for each new isolate by analyzing shared healthcare exposures with earlier case 37 

patients whose isolates shared a most recent common ancestor. As a proof of principle, we 38 

applied this approach to data collected by a state health department during a suspected regional 39 

CRKP outbreak involving 72 patients exposed to 47 healthcare facilities in Michigan from 40 

October 2019 to May 2022. Integration of genomic and healthcare exposure data enabled 41 

inference of a single putative source facility for 66/70 of non-index cases, with 35 and 31 cases 42 

attributed to a single facility with intra- and inter-facility transmission, respectively. Examination 43 

of transmission linkages over time supported a sustained role played by a single focal facility, 44 

with several other facilities inferred to be sources of a smaller number of cases. Importantly, in 45 

several instances, facilities were implicated as sites of transmission prior to cases being detected 46 

there based on overlapping exposures among genomically linked cases, with four facilities being 47 

inferred as sites of transmission despite no cases ever being reported. The ability to infer facility 48 

sources of transmission using passively collected regional isolates, in some cases ahead of case 49 

identification, supports the potential for real-time genome-informed surveillance to enable timely 50 

targeting of infection prevention interventions to interrupt regional spread of CRKP and other 51 

healthcare-associated pathogens. 52 

 53 

Introduction 54 

Carbapenem-resistant Enterobacterales (CRE) has been recognized as a significant threat to 55 

vulnerable patients in healthcare settings, with mortality rates upwards of 50% for patients with 56 

CRE infections 1–6.  Among CREs, New Delhi metallo-b-lactamase (NDM) producing Klebsiella 57 
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pneumoniae outbreaks have been increasingly reported across regional healthcare networks in 58 

the U.S.3,7–9, with limited treatment options for NDM patients10. To prevent NDM-producing 59 

strains from reaching levels of endemicity, it is critical to identify and implement more effective 60 

strategies to prevent the spread of NDM in healthcare settings. 61 

  62 

In addition to many CRE outbreaks that have been investigated at a single facility level 11–15, 63 

more recent studies have also tracked the spread of CRE across regional healthcare networks 16–64 
20.  Regional spread presents challenges for individual facilities, as it can be unclear whether a 65 

patient newly diagnosed with a CRE infection acquired it during their current hospitalization, or 66 

from a facility to which they were previously exposed due to the movement of CRE colonized 67 

patients 21,22. Knowledge of where CRE transmission is occurring across regional networks is 68 

critical to both early intervention for emerging threats like NDM and decreasing rates for 69 

endemic organisms 17,23,24. 70 

 71 

To discern potential facilities of CRE transmission across a region, patients’ histories of 72 

healthcare exposure leading up to their clinical CRE culture can be considered 16–19,25. In 73 

particular, putative sites of acquisition for a given case can be identified by inspecting 74 

overlapping exposure with prior cases. However, exposure data alone can be imprecise as 75 

circulating cases increase, with frequent overlaps among patients not linked by transmission, and 76 

further complicated by unobserved asymptomatic carriers, yielding transmission networks with 77 

missing links.  78 

 79 

Whole-genome sequencing (WGS) allows for high-resolution delineation of linkage between 80 

isolates and has been increasingly applied in regional outbreak investigations 16–19. Genomic 81 

analysis can mitigate issues with incomplete case capture, as indirect transmission within and 82 

between facilities can be inferred using both distance-based or phylogenetic methods. However, 83 

identifying transmission from genomic data also has its challenges. Past regional genomic 84 

surveillance reports have relied on comprehensive epidemiologic data with high-intensity active 85 

surveillance, which is costly and logistically infeasible at regional levels in most settings26–29. 86 

Additionally, the current gold standard is to define genetic linkages using genetic distance 87 

thresholds that are imprecise, leading to false negative linkages due to intra-patient variation 88 
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accumulated during prolonged colonization and false positive linkages due to unsampled 89 

intermediates 19,28,30–35. 90 

 91 

In this study, we sought to develop and apply a novel approach integrating WGS and exposure 92 

data to identify sites of transmission during a regional outbreak. By leveraging healthcare 93 

exposure data and a genetic distance threshold-free approach12, within the constraints of a largely 94 

passive sample collection with ad hoc surveillance conducted at only a few facilities, we sought 95 

to identify putative sources of transmission during regional outbreak of blaNDM-1-carrying K. 96 

pneumoniae ST219 in Michigan from 2019 to 2022. Taking a facility-centric approach and 97 

attempting to discern the origin of each case, we found support for the ability to use sample and 98 

data collections commonly available to regional public health labs to identify sites of 99 

transmission throughout the outbreak. 100 

 101 

Methods 102 

 103 

Sample collection 104 

Our study was a retrospective analysis of cases of carbapenemase-producing NDM-carrying K. 105 

pneumoniae in Michigan among hospitalized patients. Cases were reported to the Michigan state 106 

public health laboratory and characterized. Specimens were confirmed using Bruker rapifleX® 107 

MALDI-TOF, carbapenemase was tested using modified carbapenem inactivation method 108 

(mCIM) and carbapenemase genes were identified using the Cepheid Xpert® Carba-R test. 109 

Antimicrobial susceptibility was tested by Sensititre™ GNX2F or GN7F panels. Isolates were 110 

subjected to short-read whole genome sequencing using the Illumina MiSeq (See 111 

Supplementary Table 3 for BioSample identifiers and meta-data). Healthcare exposures in the 112 

90 days preceding first case detection of a given patient was also collected using the state 113 

electronic surveillance system. 114 

 115 

Genomic data processing 116 

To identify previously sequenced strains that were closely related to outbreak isolates, annotated 117 

public genome assemblies listed as “Klebsiella pneumoniae” were downloaded from the 118 

PATRIC database 36, samples were annotated by RASTtk 37, and a core genome distance matrix 119 

 . CC-BY 4.0 International licenseIt is made available under a 
 is the author/funder, who has granted medRxiv a license to display the preprint in perpetuity. (which was not certified by peer review)

The copyright holder for this preprint this version posted October 19, 2025. ; https://doi.org/10.1101/2025.10.17.25338245doi: medRxiv preprint 

https://doi.org/10.1101/2025.10.17.25338245
http://creativecommons.org/licenses/by/4.0/


was generated using the R package cognac 38. We then selected public genomes with core 120 

genome distances within 200 single nucleotide variants (SNVs) of at least one of the outbreak 121 

genomes. Antibiotic resistant genes in outbreak and public genomes were identified using 122 

AMRFinderPlus v3.11 39. 123 

 124 

For tracking the spread of outbreak strains, we performed variant calling using a custom 125 

reference-based pipeline (https://github.com/Snitkin-Lab-Umich/snpkit). The quality of 126 

sequencing reads was assessed using FastQC v0.11.0, and adapter sequences and low-quality 127 

bases removed using Trimmomatic v0.39. Single nucleotide variants (SNVs) were identified by 128 

first using Burrows-Wheeler short-read aligner (bwa v0.7.17) to map trimmed reads to the 129 

ST219 reference genome (SAMN26729713), then discarding polymerase chain reaction (PCR) 130 

duplicates with Picard v3.0.0, and calling variants with SAMtools and bcftools v1.9. Variants 131 

were filtered from using VariantFiltration from GATK v4.5.0.0 (QUAL > 100; MQ>50;>=10 132 

reads supporting variant; and FQ< 0.025). We performed GATK HaplotypeCaller for indel 133 

calling only including those with root mean square quality (MQ) > 50.0, GATK QualbyDepth 134 

(QD) > 2.0, read depth (DP) > 9.0, and allele frequency (AF) > 0.9. We also excluded variants 135 

that were less than 5 base pairs in the proximity to indels, in recombinant regions identified by 136 

Gubbins v3.0.0, in a phage region identified by Phaster web tool, or resided in tandem repeats of 137 

length greater than 20 bp as determined using the exact-tandem program in MuMmer v3.23 138 

using a custom Python script. The whole-genome masked variant alignment generated by the 139 

variant calling pipeline was then used to reconstruct a maximum likelihood phylogeny with IQ-140 

TREE v2.0.3 using the general time reversible model GTR+G and ultrafasta bootstrap with 1000 141 

replicates (-bb 1000). To estimate common ancestors of collected isolates, a dated phylogeny was 142 

generated using Bactdating “arc” model was chosen due to the lowest DIC and smallest root date 143 

confidence interval (Table S1) 40  144 

 145 

Identifying epidemiologic and genomic links between patients 146 

All facilities a patient was exposed to prior to isolation of NDM K. pneumoniae were considered 147 

as potential sources of acquisition. For the facility where the isolate was collected, it was 148 

required that the collection occurred more than 2 days after admission for that facility to be 149 

considered a potential source. The exception to this was for cases where there were no 150 
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documented healthcare exposures prior to the facility of isolation, in which case it was 151 

considered as a potential source. In identifying genetic and epidemiologic support for a case’s 152 

facility source of acquisition, all prior cases were considered putative sources, with the patient’s 153 

shared history of exposure to healthcare facilities used to provide epidemiologic support. We did 154 

not require temporal overlap between cases for establishing linkages, to enable consideration of 155 

indirect transmission via environmental reservoirs or undetected patient intermediates.  156 

 157 

To simulate tracking of transmission in real-time we identified the putative healthcare facility 158 

source of each new case patient’s strain by considering isolate genomes and exposure data from 159 

patients with earlier isolate collection dates, in other words, we considered exposure data that 160 

would be available at the time patients tested positive. Our approach consisted of first identifying 161 

prior isolates with whom a case isolate shares a most recent common ancestor as inferred by 162 

maximum shared variants (MSVs) and then examining patterns of shared healthcare exposure for 163 

MSV pairs. If a case isolate had MSVs with multiple isolates, then all potential pairs were 164 

considered. To identify putative source facilities, five different shared healthcare exposure types 165 

were extracted (Figure S1a): (i) if both the case patient and the MSV linked patient had their 166 

isolate collected at the same facility, then this was classified as putative intra-facility 167 

transmission at the site of collection, (ii) if the MSV linked patient had prior exposure to the 168 

facility where the case patient’s isolate was collected, then this was classified as a putative intra-169 

facility transmission at the case patient collection facility, (iii) if the case patient had prior 170 

exposure to the facility where the MSV-linked patient had their isolate collected, then this facility 171 

was inferred as the source, (iv) if the case patient and the MSV-linked patient shared exposure to 172 

a common third facility, then this facility was inferred as the source, and (v) if there were no 173 

shared healthcare exposures between a case patient and their MSV-linked patient, then the source 174 

facility was inferred as the facility where the MSV-linked patient had their isolate collected.  175 

 176 

For instances where a case patient was linked to more than one patient based on MSVs, all linked 177 

patients were considered. However, to focus on stronger epidemiologic hypotheses, we added an 178 

optional filter to prioritize facilities implicated by the majority of MSV-linked patients. Using the 179 

filter, for a given case patient that shared healthcare exposures with multiple MSV-linked 180 

patients and greater than 50% of putative source facility attributions based on criteria (i)-(iv) 181 
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above were to the same facility, then the single facility was deemed the putative source with both 182 

genomic and epidemiologic support. Similarly, if a given case patient had no shared healthcare 183 

exposures with MSV-linked patients (criteria (v) above), but more than 50% of isolates from 184 

MSV-linked patients were collected at the same facility, then the facility was deemed the single 185 

putative source facility with genomic support.  186 

 187 

Evaluation of putative transmission linkages 188 

Several strategies were used to evaluate the veracity of putative transmission events. First, we 189 

evaluated whether using MSVs was linking patients with shared healthcare exposure history 190 

more than expected by random. To this end we performed a permutation analysis wherein each 191 

patient’s association with their isolate was maintained, but their history of healthcare exposures 192 

was randomly swapped with another patient. We compared the proportion of MSV linked pairs 193 

that had no shared healthcare exposure of our data with the 1000 permutated events using Z-test. 194 

Second, we evaluated the patient-sharing of facilities with predicted inter-facility transmissions 195 

between them. To accomplish this, we used inpatient billings from Center of Medicare and 196 

Medicaid services (CMS) and inferred patient transfer frequencies between facilities based on 197 

sequential billings. Using the raw patient transfer matrix for CMS patients, we calculated the 198 

patient flow between pairs of facilities using regentrans 41. For each case patient, we compared 199 

the patient flow between the case facility and predicted source facilities, to (i) patient flow 200 

between case facility and a facility where case was previously exposed to but not predicted as a 201 

source facility, and (ii) the flow between the case facility and other facilities that were shared 202 

patients in the CMS data, but were not predicted as linked to the case facility. We used Wilcoxin-203 

signed rank test to compare the patient flows. Lastly, we evaluated the importance of each 204 

facility at time points when cases were collected using eigencentrality and pagerank algorithms 205 

(Figure S4). 206 

 207 

Statistical analysis 208 

All statistical analysis were done in R. Network algorithms were implemented using igraph42 in 209 

R. Figures were visualized in R using ggplot2 43, ggtree 44 and ggraph 210 

(https://github.com/thomasp85/ggraph). 211 

 212 
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Results 213 

Regional spread of NDM-harboring K. pneumoniae ST219 was attributed to clonal 214 

expansion. 215 

From October 2019 to April 2022, 104 Klebsiella pneumoniae ST219 isolates harboring the 216 

blaNDM-1 gene were collected from 72 individuals across regional healthcare facilities in 217 

Michigan. For the first six months, cases were only recovered at a single acute care hospital 218 

(ACH10). During the next phase of the outbreak, cases were reported by 21 additional healthcare 219 

facilities, with the peak occurring from June 2020 to June 2021 (Figure 1a). Isolates were 220 

compared using whole-genome sequencing to understand whether the shift from a putative single 221 

facility outbreak to a broader regional spread was due to a single regional introduction or 222 

multiple introductions of NDM-carrying K. pneumoniae. Phylogenetic reconstruction of 223 

Michigan isolates, along with publicly available K. pneumoniae ST219 genomes showed 224 

Michigan isolates separate from public isolates in a distinct monophyletic cluster, consistent with 225 

a single introduction into the region (Figure S2). Further support for all cases deriving from a 226 

single recent introduction came from the small genetic distances among Michigan isolates, with a 227 

median of 8 pairwise SNVs (36 maximum, 0 minimum) (Figure S3). Of note, public K. 228 

pneumoniae ST219 genomes from diverse geographical locations showed variable association 229 

with blaNDM-1, indicating that blaNDM-1 gene had been acquired multiple times in this genetic 230 

background (Figure S2). 231 

  232 

To further understand the temporal dynamics of clonal spread, we created a time-scaled 233 

phylogeny of Michigan isolates (Figure 1b). The time-scaled phylogenetic tree of Michigan 234 

isolates was also consistent with clonal spread, with the common ancestor of all but one isolate 235 

estimated to be in early 2019 (Confidence interval (CI): 2018.271, 2019.495). Although detected 236 

in 2020, the one outlier isolate had a predicted common ancestor with the other outbreak isolates 237 

that dated back to 2017 (CI: 2015.15, 2018.81). We noted that this outlier isolate was collected at 238 

a facility where cases from the dominant outbreak lineage were detected contemporaneously, 239 

consistent with independent acquisition of the blaNDM-1-encoding plasmid by a closely related K. 240 

pneumoniae ST219 strain. Combined with the observation that the most closely related public 241 

isolate to the Michigan outbreak lacked blaNDM-1, this supports the outbreak clone stemming from 242 

the acquisition of blaNDM-1 in a locally circulating strain of ST219.  243 
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  244 

Patients with genetically related isolates showed extensive overlap at regional healthcare 245 

facilities. 246 

To understand the pathways by which the major outbreak lineage spread within and between 247 

healthcare facilities, we overlaid a whole-genome maximum-likelihood phylogeny with patients’ 248 

healthcare transfer histories (Figures 2a and 2b). Visual inspection of Figure 2 showed 249 

numerous instances of temporal overlap in healthcare exposures among patients whose isolates 250 

clustered on the whole-genome phylogeny. These overlaps supported cases of intra-facility 251 

transmission (i.e. phylogenetically clustered cases detected at the same facility), direct inter-252 

facility transmission (i.e. phylogenetically clustered cases with common exposure to one of the 253 

patient’s collection facilities), and indirect inter-facility transmission (i.e. phylogenetically 254 

clustered cases with common exposure to a third facility, distinct from the facilities where 255 

patient’s isolates were collected). Moreover, overlaying the phylogeny with healthcare exposures 256 

also revealed instances where cases detected contemporaneously at the same facility were clearly 257 

due to independent importation events. For example, in late 2020, strains collected concurrently 258 

through active surveillance at ACH10, were from two distinct genomic clusters sharing a more 259 

distant common ancestor. 260 

  261 

Integrating genomic and healthcare exposure data revealed regional transmission 262 

pathways. 263 

Motivated by the overlapping healthcare exposures among phylogenetic neighbors, we sought to 264 

systematically extract intra-facility and inter-facility transmission events by considering both 265 

genomic and healthcare exposure data. To this end, we simulated the tracking of the NDM-266 

carrying K. pneumoniae ST219 regional spread as a real-time event, by inferring transmission 267 

events based on linkages between “new cases” and cases identified prior. The putative source(s) 268 

for each case were inferred to be previously collected isolates with which their isolate had 269 

maximum shared variants (MSV) (Figure S1a).  In contrast to the common approach of 270 

employing an SNV threshold to detect transmission linkages, MSV pair detection did not rely on 271 

a single threshold, rather identifying circulating strains with which they share a most recent 272 

common ancestor. Among pairs with maximum shared variants there was a median of 3 cgSNVs 273 

(IQR:1,5), while also permissive to larger variance (maximum: 22 cgSNVs, Figure 3a).  274 
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  275 

Using this simulated real-time approach, we identified 206 candidate source-to-case links among 276 

the 70 isolates included in the analysis, where cases could be linked to more than one source if 277 

they had MSV with more than one previously detected isolate. To determine pathways of intra- 278 

and inter-facility transmission, patterns of healthcare overlap were analyzed among MSV pairs. 279 

Our objective was to identify the most plausible facility where each case acquired their isolate, 280 

therefore, we assigned a single high-confidence source facility to each case when more than 50% 281 

of links to a case supported the same source facility (Figure S1b). Using this approach, 50% 282 

(35/70) of patients were predicted to acquire their isolate via intra-facility transmission events at 283 

9 different facilities. Among the 35 putative intra-facility transmissions, 6 patients also had 284 

potential inter-facility transmission with shared exposure with another healthcare facility. The 285 

remaining 35 cases were attributed to inter-facility transmissions, with 60.0% (21/35) supported 286 

by both genomic and shared healthcare exposure, 28.6% (10/35) supported only by genomic 287 

linkages and 11.4% (4/35) of inter-facility cases assigned to more than one facility meeting the 288 

high-confidence source facility criteria (Figure 2c). These results show that by combining MSVs 289 

with healthcare exposure data we were able to effectively narrow down the putative source 290 

facilities, with 94.3% (66/70) of patients having a single predicted source facility for their isolate 291 

(Figure 3b). 292 

  293 

Predicted transmissions are enriched in shared healthcare exposures and link facilities that 294 

share more patients than unlinked facilities. 295 

To evaluate the transmissions predicted using our approach, we conducted two additional 296 

analyses. First, we performed permutation analysis to evaluate whether healthcare-sharing 297 

among genomically linked pairs occurred more than expected. We created 1000 randomized data 298 

sets, where patients were assigned another patient’s history of healthcare exposures. In none of 299 

these permuted data sets were there more instances of shared healthcare exposure among MSV 300 

pairs than in the actual data (p < 0.001). This result supports the MSV approach identifying 301 

patients with shared exposures far more than expected by chance (Figure S6).  302 

 303 

Next, we assessed support specifically for predicted inter-facility transmissions. To provide 304 

context to our predictions, we leveraged statewide patient transfer networks inferred by 305 
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sequential billing events extracted from Centers for Medicare and Medicaid databases (CMS), 306 

which provides a quantitative summary of how patients move between regional healthcare 307 

facilities. We first focused on predicted transmissions with both genomic and epidemiologic 308 

support. For this set of predictions, we observed that source and case facilities linked by 309 

transmission had significantly higher patient flow with each other than did other facilities 310 

connected to the case facility in the CMS network (Figure 3c, p = 2.54 ´ 10-9), indicating that 311 

transmissions are predicted to preferentially occur between facilities that share the most patients. 312 

However, putative source facilities in linkages supported by genomic and epidemiologic data 313 

were did not have significantly higher patient flow to the case facility than the other facilities that 314 

the case patients were exposed to (Figure 3c, p = 0.89). This observation indicates that the 315 

genomic data can help differentiate among alternative epidemiologically plausible scenarios by 316 

helping identify the most likely source facility among multiple past exposures for a given case 317 

patient (Figure 3c, Supplemental Table 2).  318 

 319 

Next, we examined predicted inter-facility transmissions supported only by genomic data. As 320 

with predictions with epidemiologic support, facilities with genomic-only transmissions had 321 

significantly higher patient flow than other facilities linked to the case facility in the CMS 322 

network (Figure 3c, p = 0.02). However, source and case facilities linked by transmission with 323 

only genomic support had significantly lower patient flow to the case facility than the other 324 

facilities case patients in these linkages were exposed to (Figure 3c, p =0.0001). Thus, genomic 325 

only prediction are linking facilities with an intermediate level of patient sharing. To further 326 

assess the plausibility of these linkages, we examined the genomic support more closely. Overall, 327 

the putative transmission pairs with only genomic support were highly clonal (IQR [1.5,5], min = 328 

0, max = 12). Moreover, for four cases with healthcare overlap with other putative source 329 

patients without MSVs that were collected prior to the cases, the pairwise SNVs were 330 

significantly larger (IQR = (5.75,10.25), min =4, max = 18) compared to the genomically linked 331 

putative source (IQR = (0.75,3.25), min = 0, max =4). In addition, two of the ten patients with 332 

only genomic evidence were linked to a single source facility by more than one source patient, 333 

further supporting connectivity between the facilities despite the lack of direct healthcare 334 

exposure.  335 

  336 

 . CC-BY 4.0 International licenseIt is made available under a 
 is the author/funder, who has granted medRxiv a license to display the preprint in perpetuity. (which was not certified by peer review)

The copyright holder for this preprint this version posted October 19, 2025. ; https://doi.org/10.1101/2025.10.17.25338245doi: medRxiv preprint 

https://doi.org/10.1101/2025.10.17.25338245
http://creativecommons.org/licenses/by/4.0/


Regional genomic analysis enables identification of critical facilities over time. 337 

Having developed and validated an approach to track intra- and inter-facility transmission, we 338 

next examined patterns of transmission over the course of the outbreak at both patient- (Figure 339 

4a) and healthcare facility-level (Figure 4b). Overall, we identified 64 independent inter-facility 340 

transmissions. ACH10, where the outbreak was first detected, was predicted to be a persistent 341 

site of both intra- and inter-facility transmission throughout the study period. With respect to 342 

inter-facility transmission, ACH10 was predicted to be a source for 26.6% (17/64) of inter-343 

facility transmission events and the destination for 15.6% (10/64) (Figure 4a). Aside from links 344 

involving ACH10, most other inter-facility links were only observed once, with at most a small 345 

number of subsequent intra-facility transmissions detected after the introduction. Moreover, 346 

when considering exportations from facilities in aggregate and using the eigencentrality and 347 

pagerank algorithms 42 to calculate facility importance, ACH10 was consistently the most 348 

important facility throughout the outbreak (Figure 5 and Figure S5).  349 

 350 

While analyses of the transmission network indicated that ACH10 was an important player 351 

throughout the outbreak, we were interested to see if there were more contributions from other 352 

facilities over the course of the outbreak. To this end, we examined the number of cases sourced 353 

to each facility over time. By comparing facility-level source curves to facility-level case curves, 354 

we were able to discern predicted intra-facility transmissions, importations and exportations from 355 

each facility over time (Figure 5). For example, by examining ACH10’s source and case curve, 356 

we were able to see the transition from initial predominance of intra-facility transmissions 357 

(source curve and case curve rising in sync) to exportation (source curve increases, while case 358 

curve remains flat). For most other facilities we see the case curve initially rises, indicating 359 

importation, followed by increases in the source and case curve during subsequent periods of 360 

intra-facility transmission and/or exportation (e.g. facilities ACH2, ACH5 and ACH11). 361 

However, we noticed some facilities with unexpected patterns, whereby they were inferred as 362 

sources of transmission prior to any cases being detected. For SNF13, we observed the source 363 

curve rising before any cases were detected, with its role as a source being inferred based upon 364 

shared exposure of MSV pairs from other facilities. In total, there were three cases with genomic 365 

and epidemiologic support for SNF13 being a source, with two of these cases occurring before 366 

the first case was identified in SNF13. It is worth noting that while no cases were initially 367 
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identified at SNF13, patients from ACH10 were often transferred from SNF13, supporting its 368 

potential role as an undetected reservoir early in the outbreak. In addition to SNF13, there were 369 

four other facilities with no cases ever reported, but for which shared exposures implicated them 370 

as a potential source of regional transmission. Support for cases being sourced to these facilities 371 

which never reported cases comes from many of these putative transmission pairs having 372 

extremely small genetic distances, consistent with recent shared exposures mediating 373 

transmission. Case NDM165 attributed to source facility ACH1 had 0 SNVs with its predicted 374 

source isolate. Case NDM130 and case NDM150 both had a putative source with 3 SNVs 375 

sharing healthcare exposure at ACH13. Case NDM89, NDM90, and NDM94 had 0 SNVs, 3 376 

SNVs and 0 SNVs with shared health exposure at SNF11 respectively. Lastly, case NDM132 377 

and case NDM156 were sourced at SNF4, with 6 SNVs and 20 SNVs with their respective 378 

putative source.   379 

 380 

Discussion 381 

Healthcare-associated infections caused by antibiotic resistant organisms are a major public 382 

health threat, associated with significant morbidity, mortality and economic impacts45,46. Most 383 

efforts to date to track and prevent the spread of infections have focused on individual healthcare 384 

settings. However, it is increasingly appreciated that a regional perspective is critical to identify 385 

the sites of transmission and pathways of inter-facility spread that initiate and sustain regional 386 

endemicity 26–29. While regional active surveillance combined with genomic analysis has been 387 

shown to enable regional transmission tracking in low prevalence regions, this strategy is costly 388 

and typically infeasible to implement at the state or province level. Here, we implemented and 389 

evaluated a regional approach using genomic and healthcare exposure data to identify putative 390 

source facilities where patients may have acquired their infection, without relying on an 391 

established active surveillance program. Applying this approach to a blaNDM-1 carrying K. 392 

pneumoniae ST219 regional outbreak in Michigan, we identified putative facility sources of 393 

patient’s isolates with high specificity, identified key facilities seeding cases in other facilities 394 

and showed the potential to identify facilities as sources of infection prior to their detection of 395 

cases. These findings support the potential for regional genomic surveillance programs using 396 

passive isolate collections and ad hoc surveillance to guide regional infection prevention action 397 

to target facilities driving regional spread. 398 
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 399 

Mapping patient transfer history on the whole-genome phylogeny of patients’ acquired strains 400 

showed that phylogenetically clustered patients tend to share healthcare exposure history. This 401 

observation, along with the success of prior studies using phylogeographic methods to track 402 

regional healthcare transmission 18,28,47–50, prompted us to use a maximal shared variant approach 403 

to infer the facility source of each patient’s isolate. The MSV approach leverages common 404 

ancestry but does not require phylogenetic reconstruction when a new isolate is sequenced, will 405 

scale to large numbers of strains, and is easily implementable and interpretable. Compared to the 406 

standard approach of imposing a genetic distance cutoff, MSV genomic links yielded isolate 407 

pairs with SNV distances comparable to those reported in prior K. pneumoniae transmission 408 

studies 19,28,30–35,51 , while also allowing for larger genetic distances that may arise due to 409 

prolonged patient colonization and hypermutators12. Here, we showed that the MSV approach 410 

yielded links among patients that were significantly enriched in shared healthcare exposures, 411 

identified connections among facilities that are highly connected by patient transfer, and 412 

provided sufficient resolution to track the spread of a regional CRE outbreak.  413 

 414 

Upon identification of MSV pairs, we implemented an approach to incorporate facility exposure 415 

data with an eye towards real-time surveillance, that focused on elucidating the contribution of 416 

individual facilities to regional spread. To simulate a real-time response, for each new case we 417 

only considered earlier cases when identifying putative source facilities. While imperfect, as a 418 

true source may only become apparent later due to the lack of active surveillance, only 419 

retrospective case data would be available in practice. To increase robustness to missing case 420 

capture caused by delayed case reporting and limitations in surveillance, we did not require 421 

temporal overlap in hospitalizations of genomically linked patients, but rather just that there was 422 

shared exposure prior to a case patient’s isolate collection. In this way, we could capture intra- or 423 

inter-facility transmission that may be mediated by one or more unsampled intermediate patients 424 

at the facility of interest. The viability of this approach was demonstrated by both the non-425 

random concordance between genomic linkages and exposure data, as well as the specificity of 426 

predictions, with 94% (66/70) of patients being linked to one putative source facility. We note 427 

that to achieve this specificity, when greater than 50% of the shared exposures for a case patient 428 

with other patients linked by MSVs were from a single facility, this single facility was inferred to 429 

 . CC-BY 4.0 International licenseIt is made available under a 
 is the author/funder, who has granted medRxiv a license to display the preprint in perpetuity. (which was not certified by peer review)

The copyright holder for this preprint this version posted October 19, 2025. ; https://doi.org/10.1101/2025.10.17.25338245doi: medRxiv preprint 

https://doi.org/10.1101/2025.10.17.25338245
http://creativecommons.org/licenses/by/4.0/


be the source. This specificity filter simplified the network and prioritized scenarios most 430 

supported by genomic and exposure data, aligning with our motivation to prioritize facilities for 431 

intervention, but in practice all putative source facilities could be retained and investigated. For 432 

the four cases with multiple putative source facilities after imposition of the specificity filter, this 433 

was often due to the frequent movement of patients back and forth among a common set of 434 

facilities. Thus, although a specific source facility was not identified in these cases, a cluster of 435 

connected facilities putatively exposed to carriers was identified.  436 

 437 

Analyzing the predicted patterns of regional transmission over the course of the outbreak 438 

revealed a single facility playing a central role. ACH10 was the first facility with cases 439 

identified, had the highest number of predicted intra-facility transmissions, and was predicted as 440 

the most common source of transmissions to other facilities. Our findings were concordant with 441 

previous studies of regional CRE outbreaks, which have consistently observed a small number of 442 

focal facilities either seeding initial regional spread, or sustaining it over time 17,18,48. In past 443 

reports where focal facilities were long-term care facilities, authors speculated that uncontrolled 444 

transmission at these facilities was critical for establishing a reservoir that subsequently spread to 445 

connected facilities 17,18. However, in cases where the focal facility is an ACH that shares 446 

patients with many other facilities, it is possible that one or more of these connected facilities is 447 

acting as a potentially unsampled reservoir 48 For example, patients from SNF13 were often later 448 

transferred to ACH10 in our study. Alternatively, the sustained presence of a strain at a single 449 

facility could be due to environmental or plumbing contamination, periodically seeding small 450 

clusters 52. Regardless, both this and prior studies show the potential of genomic surveillance to 451 

hone in on key facilities and help prioritize surveillance and intervention activities. In addition to 452 

identifying focal facilities, we also noted that integration of genomic and exposure data enabled 453 

early detection of facilities contributing to regional spread. This manifested in both the inference 454 

of facilities as sources of infections in other facilities prior to the source facility detecting cases, 455 

as well as inferring facilities as sources that never reported cases. This demonstrates the power of 456 

this integrated approach to help identify potential key facilities early in an outbreak before high 457 

case counts are reported. 458 

 459 
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Our study has several important limitations to consider. First, most facilities only contributed 460 

clinical isolates, with only a few facilities performing ad hoc surveillance to detect NDM 461 

carriers. For example, ACH7, had the most cases and performed the most surveillance over the 462 

study period. Given the known iceberg effect whereby asymptomatic carriers greatly outnumber 463 

patients with overt infection 4,53–57, we likely missed many cases due to this passive approach. 464 

However, widespread active surveillance is likely to be infeasible in most settings. Therefore, we 465 

implemented our analysis to be focused on tracking routes of transmission within and between 466 

facilities, as opposed to constructing patient-level transmission networks. Here we show 467 

potential to support use genomic analysis to guide targeted active surveillance efforts, rather than 468 

regional active surveillance, to more efficiently utilize limited resources. The robustness of our 469 

approach was supported by non-random healthcare exposure overlap among genetically linked 470 

cases, as well as facilities with genomic linkages sharing significantly more patients’ according 471 

to CMS claims data. A second limitation is that we only had access to healthcare exposure 472 

information up until patients became a case (i.e. until blaNDM-1-carrying case was detected via 473 

surveillance or clinical culture). Therefore, we may be missing shared healthcare exposures that 474 

took place after case identification. However, despite this missing data, we were able to capture 475 

transmission linkages for most cases with high specificity, indicating that sufficient exposure 476 

data was available to link cases between facilities. Additionally, we only had healthcare exposure 477 

90 days prior to CRE detection, while previous studies suggested CRE can colonize patients for 478 

months and years 58. Therefore, a longer period of healthcare exposure data may further inform 479 

inter-facility transmission. Third, our analysis focused on a region where NDM is not yet 480 

endemic, with cases likely originating from a single introduction and clonal spread, which may 481 

limit generalizability. Demonstrating the clonality of the outbreak enabled us to use the MSV 482 

approach without additional filtering by genetic distance. However, in a more complex setting 483 

including frequent outside importation to the region and/or plasmid transfer, distance thresholds 484 

and/or regional context may need to be considered.  485 

 486 

Overall, we implemented a threshold-free approach to collate genomic and healthcare exposure 487 

data and applied it to elucidate the role of healthcare facilities as sources of transmission during a 488 

CRE outbreak in Michigan. Our approach has the potential to shed light on important healthcare 489 

facilities mediating transmission and capture missed facilities early on during the outbreak. As 490 
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shown in previous studies, our results highlighted the value of using patient transfer history 491 

rather than solely relying on sites of case identification. By enabling early detection of key 492 

facilities of the outbreak, our approach could guide selection of facilities for enhanced genomic 493 

surveillance throughout the outbreak to prevent the spread of antibiotic resistance. 494 
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 665 

 666 
Figure 1. Epidemiologic and genetic description of blaNDM-1-carrying ST219 K. pneumoniae 667 
outbreak strains from Michigan. (a) Epidemic curve showing number of blaNDM-1 ST219 cases 668 
collected from different Michigan healthcare facilities from 2019 to 2022. (b) Time-calibrated 669 
phylogeny of outbreak genomes with gray bars indicating the 95% confidence interval of 670 
ancestral date. Edges are the same color if from the same patient and black otherwise. Tips are 671 
colored by healthcare facility of collection, with gray representing all facilities with less than 3 672 
cases identified. The outlier isolate with a common-ancestor predating the outbreak is 673 
highlighted in light blue (See main text). 674 
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 676 
Figure 2. Whole-genome phylogeny of outbreak isolates overlaid with associated patient’s 677 
history of healthcare exposures. (a) A whole-genome maximum-likelihood phylogeny is shown 678 
for outbreak ST219 strains. Tips of the phylogeny are colored for patients with multiple isolates, 679 
with each color indicating a different patient or black if patient only had one isolate. (b) The 680 
history of patient’s healthcare facility exposures leading up to their isolate collection are shown 681 
for patients with isolates represented on the phylogeny in panel a. The x-axis indicates dates, 682 
different color bars indicate stays in different healthcare facilities, black circles indicate a 683 
collected clinical isolate and red circles represent isolates collected via active surveillance. (c) 684 
The source facility(ies) for each isolate was predicted based on shared healthcare exposures with 685 
other patient(s) with whom their isolates shared MSVs. Bars with a height of one indicate >50% 686 
of links support that facility, with higher values indicating multiple linked source facilities. 687 
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Colors indicate whether links were supported by genomic and epidemiologic data (dark blue), 688 
genomic data only (light blue), or a single facility not supported (purple). 689 
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 691 
Figure 3. Evaluation of transmission linkages inferred using maximum shared variants 692 
(MSVs). (a) Histogram of pairwise distances for all pairs of isolates collected during outbreak 693 
(gray), and MSV pairs (blue). (b) Spaghetti plot comparing the number of healthcare exposures 694 
for each patient (left), the number of putative source facilities based on genomic and/or 695 
epidemiologic links to MSV pairs (middle) and the number of putative source facilities when 696 
selecting a single facility if it is represented by >50% of exposures with MSV pairs (right). (c) 697 
Statewide patient transfer networks derived from CMS billing data were used to calculate the 698 
magnitude of the patient flow between all pairs of facilities from which case patients were 699 
identified. Patient flow in log scale between source and case facilities with predicted 700 
transmissions (yellow), from all facilities connected to the case facility in the CMS network 701 
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(blue) and from all facilities the case patient was exposed to the case facility (green) are shown 702 
for cases where the putative source facility had genomic and epidemiologic support (left), 703 
genomic support only (middle) and cases where no single source facility was supported by >50% 704 
of links (right) . 705 
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 707 
Figure 4. Inferred patient- and facility-level transmission networks. (a) For the patient-level 708 
network, each node represents a different patient (circles) or a facility predicted to mediate 709 
indirect transmission (triangles). The x-axis is time and the y-axis is the healthcare facility where 710 
an isolate was collected. Healthcare facilities are also represented with color to enable easier 711 
visual tracking horizontally.  Arrows are drawn between patients with genomic only (black), or 712 
genomic plus epidemiologic linkage (blue). The direction of the arrows between two patients 713 
indicates the direction of intra- or inter-facility transmission supported by epidemiologic data. (b) 714 
For the facility-level network, each node represents a different healthcare facility colored by 715 
facility type. The size of the node corresponds to the number of cases isolated from the facility 716 
and nodes. The arrows connecting two nodes are the predicted inter-facility transmissions and 717 
the width of the edges are the number of predicted transmissions between a pair of facilities. The 718 
colors of the arrows indicate whether the predicted linkage was genomic and epidemiologically 719 
supported (navy blue), only genomically supported (sky blue), or having multiple possible 720 
sources (gray blue).   721 
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 723 
Figure 5. Healthcare facility’s predicted roles in outbreak over time. The cumulative case 724 
and source curves for each healthcare facility are shown over time upon new case identification. 725 
Here, acute care hospitals (top) are shown separately from the other healthcare types (bottom). 726 
Each new case increases the case curve by one in the facility of isolation, and in turn increases 727 
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the putative source curve for either the same healthcare facility (predicted intra-facility 728 
transmission) or another healthcare facility (predicted inter-facility transmission). Circles 729 
indicate clinical isolates, squares indicate surveillance isolates, and triangles indicate sources 730 
inferred through indirect inter-facility transmission. 731 
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 733 
Model µ ESS σ ESS α ESS Clock 

rate 
Root 
date 

Root date lower 
CI 

Root date upper 
CI 

DIC 

poisson 65.03 0 501 417.55 2016.58 2016.45 2016.69 94542.89 
negbin 571.75 501 393.63 855.32 2013.03 2002.72 2017.79 1688.33 
strictgamma 1.82 0 15.06 117.27 2008.71 2007.08 2010.29 289820.68 
relaxedgamma 501 501 501 860.42 2013.5 2004.91 2017.7 1724.12 
mixedgamma 414.48 411.74 427.9 854.09 2013.13 2004.34 2017.98 1727.73 
arc 501 698.44 501 774.06 2017.37 2015.15 2018.81 1671.2 
carc 532.6 469.23 426.1 747.82 2016.98 2014.57 2018.64 1726.6 
mixedcarc 866.45 1196.54 501 748.4 2016.93 2014.16 2018.66 1689.79 

Supplementary Table 1. Bactdating model statistics 734 

 735 

 736 
Group 1  Group 2 Genomic and Epi  Genomic only  Multiple possible source facility  

Estimate 
[CI] 

p-value 
 

W  # Group1/ 
# Group2 

Estimate 
[CI] 

p-value W  # Group1/ 
# Group2 

CI p-value W # Group1/ 
# Group2 

Predicted 
transmissio
n pairs  

Case 
patient 
healthcar
e 
exposure
s   

-0.00038 [-
0.04788, 
0.01271] 

0.8766 433 37/24 -0.15521 [-
0.27588, -
0.05075] 

0.00010 12 12/16 0.04822 
[0.00397, 
0.07268] 

0.009657 390 27/20 

Predicted 
transmissio
n pairs  

Referenc
e  

0.01335 
[0.00916, 
0.22699] 

2.542*10
^-9 

142144 37/4901 0.00224 
[0.00052, 
0.00604] 

0.01574 37168 12/4415 0.06766 
[0.06532,
0.07038] 

1.339*10^-
10 

90864 27/3922 

Case 
patient 
healthcare 
exposures   

Referenc
e 

0.01455 
[0.00637, 
0.06647] 

1.417*10
^-5 

88976 24/4901 0.15671 
[0.07015, 
0.23174] 

1.478*10
^-9 

66205 16/4415 0.01631 
[0.00639, 
0.02173] 

2.887*10^-
6 

62972 20/3922 

Supplementary Table 2. Confidence interval and significance level of CMS evaluation 737 
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 739 

Supplementary Table 3. Genome IDs and healthcare exposure data 740 
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 742 

 743 
Supplementary Figure 1 - Transmission source prediction and most likely source 744 

identification. (a) Schematic of source facility assignment based on different types of shared 745 

healthcare exposures among MSV pairs. (b) The distribution of percent of shared exposures 746 

between case patients and their MSV linked pairs for each healthcare facility shared with a case 747 

patient and at least one MSV pair. If greater than 50% of shared exposures with MSV pairs were 748 

for a single source facility, then this was selected as a high-confidence source facility. If no 749 

facility was supported by greater than 50% of shared exposures with MSV pairs, then the source 750 

facility was deemed uncertain. 94% of cases had a single source facility supported by greater 751 

than 50% of the shared exposures to MSV-linked patients. 752 
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 754 
Supplementary Figure 2 - Whole-genome phylogeny including Michigan outbreak genomes 755 

and publicly available ST219 genomes. Midpoint rooted maximum likelihood tree of Michigan 756 

ST219 isolates and K. pneumoniae genomes downloaded from the PATRIC database that were 757 

within 200 SNVs of outbreak isolates. 758 

  759 

Supplemental Figure 2.  Publicly available data sources and Michigan isolate phylogeny and presence of blaNDM-1.
Midpoint rooted maximum likelihood tree of MIchigan ST219 isolates and genome available in the PATRIC database 
within 200 SNVs with the outbreak isolates.
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 760 
Supplementary Figure 3 - Pairwise distance histogram colored by pair types. Pairwise SNV 761 

distances are show for pairs of isolates collected in Michigan (purple), pairs of ST219 isolates 762 

downloaded from PATRIC (yellow) and pairs of isolates including one from Michigan and one 763 

from PATRIC (green). 764 
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Supplemental Figure 1. Pairwise distance histogram, colored by pair types 
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 766 

 767 
Supplementary Figure 4.  (a) Eigencentrality and (b) pagerank ranks indicating the relative 768 

importance of each facility in the predicted regional transmission network at timepoints when 769 

new isolates were collected. 770 
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 772 
Supplementary Figure 5.  Proportion of MSV pairs without epidemiologic link in 773 

permutated dataset. The dashed link indicates the proportion of MSV pairs without 774 

epidemiologic links from the original dataset. 775 
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