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Abstract
Background: Healthcare-associated infections are a public health concern. These infections contribute to increased patient mortality and morbidity, prolonged hospital stays, and substantial healthcare costs. Pathogen transmission in healthcare settings is complex and often driven by multiple factors, including human behavior, pathogen virulence, and multiple routes of exposure. Infection prevention and control (IPC) practices are often informed by hospital epidemiology and mathematical models, while quantitative microbial risk assessment (QMRA) modeling is less frequently used in IPC.
Aim: Recognizing the value of this approach, we conducted a systematic review to summarize the current application of the QMRA framework for modeling healthcare-associated infections. Through this review, we aimed to identify the utility of these models for IPC, identify gaps in current models, and provide recommendations for future model development and improvement.
Methods: The search string comprised two clusters of terms related to QMRA and healthcare settings. Searches were conducted in PubMed, Scopus, and Embase on September 29, 2025. We included studies that applied a QMRA approach to estimate the probability of infection from pathogen exposure in a healthcare setting.
Results: Nineteen studies ultimately met the inclusion criteria and were included in our narrative synthesis. Most studies were bottom‑up, in which the authors estimated the risk of infection given environmental concentrations of defined pathogen hazards and set exposure parameters. Most models have been published since the COVID‑19 pandemic and primarily investigated respiratory viruses, particularly SARS‑CoV‑2. Several studies conducted comparative risk assessments, modeling the effects of infection‑prevention measures, including personal protective equipment, hand hygiene, cleaning and disinfection, and air purification. However, these models are heterogeneous in their construction, face noticeable data gaps, and lack standard reporting.
Conclusion: QMRA models can serve as a complementary tool for estimating infection risk among healthcare workers and patients under specific exposure scenarios in healthcare settings. While these models demonstrate utility for scenario comparison and identifying high‑priority intervention strategies, advancing training, standardization, and integration with hospital epidemiology will be essential to improving the quality and utility of QMRA in healthcare settings.

Introduction
Healthcare-associated infections are a significant public health concern. The United States Centers for Disease Control and Prevention reports that more than 1.7 million infections are acquired from hospital visits each year within the United States, affecting 1 in every 31 patients [1]. These infections, often caused by multidrug-resistant organisms, contribute to increased patient mortality and morbidity, prolonged hospital stays, and substantial healthcare costs [2–4]. Pathogen transmission in healthcare settings is complex and often driven by multiple factors, including human behavior, pathogen biology, and environmental parameters [5]. 
Infection prevention and control (IPC) practices are often informed by hospital epidemiology and mathematical models [6–8]. Typically, these models take the form of conventional susceptible-infectious-recovered (SIR) models [6–8]. Quantitative Microbial Risk Assessment (QMRA) modeling is less frequently used in IPC. However, the QMRA framework can serve as a complementary approach for estimating the risk of infection among healthcare workers and patients under specific exposure scenarios in the healthcare setting. 
QMRA is a framework for modeling infection risks associated with pathogen exposure [9]. The framework builds on principles of chemical risk assessment and comprises four primary components: hazard identification, exposure assessment, dose-response modeling, and risk characterization [9]. In hazard identification, the assessor identifies the pathogens of concern and the relevant transmission routes. The goal of the exposure assessment is to calculate the exposure dose, a quantitative estimate of the number of viable pathogenic organisms that reach an affected individual during an exposure event. The exposure dose is often calculated using parameters that characterize pathogen transmission through environmental media or via human contact, as well as pathogen persistence along these pathways. The estimated exposure dose is then related to the probability of infection or other adverse health outcomes through pathogen-specific dose-response relationships. Finally, risk characterization integrates these components to estimate the health risks associated with a given pathogen-exposure scenario and to compare them with institutional or policy benchmarks. 
United States federal agencies and other international agencies utilize the QMRA framework to inform regulatory decisions, including those related to water and food exposures [10–13]. For example, the United States Environmental Protection Agency (EPA) uses a guideline value of 1 in 10,000 annual risk of infection as an acceptable risk threshold for drinking water, and a guideline value of 32 in 1,000 as an acceptable risk threshold for gastrointestinal illness from recreational water exposures [10,11]. 
 In healthcare settings, the QMRA approach can support IPC programs by identifying pivotal points in the transmission chain for intervention, evaluating control measures, and conducting comparison scenarios to prioritize risk‑reduction investments. Dry-lab approaches such as QMRA modeling are often less expensive and more time-efficient than epidemiological studies and still provide an evidence base for policy-making and standard setting. Unfortunately, QMRA is not yet considered to be a standard modeling approach in healthcare. SIR models predominate in this space [6–8]. 
To advance the use of QMRA for IPC in healthcare settings, efforts are needed to synthesis the current state of the evidence. To this end, we conducted a systematic review of QMRA in healthcare settings. We aimed to identify the utility of risk assessment models for IPC, identify patterns and gaps in current models, and provide recommendations for future model development and improvement.  
Methods
Reporting
We reported this systematic review in accordance with the Preferred Reporting Items for Systematic Reviews and Meta-Analyses (PRISMA) statement. We did not pre-register a protocol for this review.
Search Strategy
The search string comprised two clusters of terms related to QMRA and healthcare settings. We applied Boolean logic so that the search results included at least one term from each cluster. We developed search terms based on prior reviews of QMRA in water supply systems and a systematic review of healthcare settings [14,15]. Supplement 1 includes the full search string.
The searches were conducted in PubMed (National Library of Medicine), Scopus (Elsevier), and Embase. The search was conducted on September 29, 2025. 
Eligibility Criteria
We included studies in this review that applied a QMRA approach to estimate the probability of infection from pathogen exposure in a healthcare setting.  We considered studies to have used QMRA if they conducted a risk assessment that incorporated hazard identification, calculated an exposure dose, and applied a dose-response relationship to link that dose to a probabilistic health outcome. We considered healthcare settings to include any institution whose primary purpose is to deliver medical services, including those that provide specialized care (e.g., dental clinics) [16]. 
We excluded studies in which the QMRA model was not explicitly applied to healthcare settings (e.g., general occupational settings or public spaces).
We restricted the review to only studies published in peer-reviewed journals and excluded conference papers, theses, and preprints. We made no restrictions on publication date or language.
Screening
Two independent reviewers screened titles and abstracts for relevance, and any discrepancies were resolved through discussion. Two independent reviewers assessed the full-text articles for eligibility, and any discrepancies were resolved through discussion. We managed references during screening using Covidence software (Veritas Health Innovation, Melbourne, Australia).
Data Extraction
Studies that met the inclusion criteria at the full text review stage were included in the review, and a full data extraction was conducted. Two reviewers collaborated to extract data from each selected study using a standardized data extraction form (Supplement 2). We extracted information on citation details, study objectives, study setting, hazard identification, exposure assessment, dose-response models, sensitivity analyses, and key findings of the risk assessment. 
In addition, we extracted exposure parameters relevant to environment-patient exposure, their values, and their references from each article.
The full extraction form is included in Supplement 2.
Data Synthesis
Due to the small number of studies included and high heterogeneity, we did not conduct a meta-analysis. We present a narrative synthesis of the findings to summarize the application of QMRA models across healthcare settings, the pathogens assessed, the model composition, and the assessment outcomes. We organized information into the traditional components of a QMRA: hazard identification, exposure assessment (including exposure parameters), dose-response relationship, and risk characterization. Additionally, we synthesized information on variability and sensitivity analyses and hypothesis testing.
Results
Characteristics of included studies
Our literature search yielded 1,030 results, 547 of which were unique (Figure 1). Following title and abstract screening, we reviewed 30 full texts. Nineteen studies ultimately met the inclusion criteria and were included in our narrative synthesis [17–35]. 
Studies were published across four World Bank regions, including North America (n = 10, 53%) [18,22,23,25,26,29,31,33–35], Europe and Central Asia (n = 5, 19%) [19,27,28,30,32], the Middle East and North Africa (n = 2, 11%) [20,24], and East Asia and the Pacific (n = 2, 11%) [17,21] (Figure 2). 
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Figure 1. PRISMA Flow Diagram of a study on the applications of quantitative microbial risk assessment in the healthcare environment.
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Figure 2. Geographic distribution of included studies.

Risk Question and Study Objectives. 
Per our inclusion/exclusion criteria, all included publications investigated pathogen exposures and assessed infection risks in healthcare settings using QMRA. Most studies were bottom-up, in which the authors estimated the risk of infection given environmental concentrations of defined pathogen hazards and set exposure parameters (n = 16; 84%) [17–22,25–32,34,35]. Only two studies (11%) were top-down, in which the authors defined an acceptable risk threshold and then determined the maximum acceptable dose or critical concentration corresponding to that threshold [23,33]. One study incorporated both top-down and bottom-up approaches (5%) [24]. 
Half of studies conducted comparative risk assessments, modeling the effects of different IPC measures and comparing risk outcomes across models (n = 10, 53%) [17–19,21,22,25,26,28,30,31]. The modeled IPC measures include personal protective equipment, hand hygiene, cleaning and disinfection, and air purification. 
Table 1 presents model characteristics across included studies.




Table 1. Model characteristics of quantitative microbial risk assessment models applied to healthcare settings
	Model Characteristic
	N = 26

	Model Pathogen

	  Adenovirus
	2 (7.7%)

	  Clostridioides difficile
	1 (3.8%)

	  hepatitis B virus
	1 (3.8%)

	  human immunodeficiency viruses
	1 (3.8%)

	  influenza A virus
	1 (3.8%)

	  Legionella pneumophila
	4 (15.4%)

	  MERS-CoV
	1 (3.8%)

	  Mycobacterium tuberculosis
	1 (3.8%)

	  Norovirus
	2 (7.7%)

	  Pseudomonas aeruginosa
	1 (3.8%)

	  Rhinovirus
	1 (3.8%)

	  Rotavirus
	1 (3.8%)

	  SARS-CoV-2
	7 (26.9%)

	  Staphylococcus aureus
	1 (3.8%)

	  Staphylococcus spp.
	1 (3.8%)

	Healthcare Setting

	  Dental clinic
	4 (15.4%)

	  Healthcare setting - general 
	5 (19.2%)

	  Hospital - ambulatory care room
	1 (3.8%)

	  Hospital - general ward
	15 (57.7%)

	  Hospital - isolation ward
	1 (3.8%)

	Transmission Route

	  Environment-patient
	4 (15.4%)

	  Patient-environment-patient
	22 (84.6%)

	Exposure Route

	  Fomite-hand-port
	11 (42.3%)

	  Fomite-hand-port, inhalation
	2 (7.7%)

	  Fomite-hand-port, inhalation-ingestion
	1 (3.8%)

	  Inhalation
	6 (23.1%)

	  Inhalation-ingestion
	1 (3.8%)

	  Inhalation 
	5 (19.2%)




Hazard Identification
In hazard identification, the assessor identifies the pathogen hazard or hazards of concern, explains the illnesses and outcomes associated with these hazards, and provides context on pathogen transmission and exposure. The hazard identification provides a foundational framework for subsequent decisions made in the exposure assessment, dose-response characterization, and interpretation of risk estimates.
Pathogens Investigated
Among models that considered other pathogens beyond SARS-CoV-2, four (15%) examined the waterborne bacterium Legionella pneumophila, which originates from premise plumbing [20,22,24,31]. Two models (8%) considered opportunistic bacterial pathogens, including Staphylococcus spp. and Staphylococcus aureus [21,34]. The sources of these pathogens were not described, though they could originate from colonized occupants in a healthcare setting. One study modeled exposures to the opportunistic bacterial pathogen Pseudomonas aeruginosa, though its origin was not described [34]. One study investigated Mycobacterium tuberculosis from infected dental patients and considered the blood-borne pathogens hepatitis B virus and human immunodeficiency virus [28]. 
Exposure Assessment
 The goal of the exposure assessment is to calculate the exposure dose, or the quantity of the microbial contaminant that the affected population inhales, consumes, or otherwise contacts. 
Affected Population
The exposure assessment begins with a definition of the affected population. Most models estimated the risk of infection among healthcare professionals and environmental health services staff (n = 17; 65%) [17–19,21,23,26,28–33,35]. Several models estimated the risk of infection among secondary patients – that is, occupants of rooms shared with infected patients (n = 6; 31%) [18,23,31,32]. Four models (15%) assessed the risk of infection among patients, generally [22–24,34]. Five models (19%) did not report the affected population [20,25,27].
Contaminant Source
Most models considered inhalation exposures from bioaerosols (n = 15; 58%) [17–20,22,24–32,35]. In these models, bioaerosols were either generated from the infected patient through coughing, sneezing, or breath (n = 10; 67%) [17,18,26,28–30], premise plumbing during showering or sink use (n = 4, 27%) [20,22,24], toilet plumes during toileting (n = 5; 33%) [25,27,32], the mouth of infected patient during dental procedures (n = 3; 20%) [28], or source water during dental procedures (n = 1; 27%) [31]. One model (6%) did not describe the source of bioaerosols [21]. 
Half of models considered microbial exposures from contact with contaminated surfaces (n = 14; 54%) [19,23,25,29,30,32–35]. In four of these models (29%), the surface was contaminated through droplets from infected patients during coughing, sneezing, breathing, or vomiting [19,29,30,35]. In four other models (29%), the surface was contaminated by bioaerosol deposition following toileting [25,32,35]. In six of these models (43%), the original source of the pathogen was not identified [23,33,34].
Microbial Occurrence and Enumeration. 
Many studies derived estimates of environmental contamination with pathogens in healthcare settings by citing prior observations in the literature (n = 10; 53%) [17–19,22,23,25,26,29–31,35]. 
Several studies estimated environmental concentrations through experimental modeling (n = 3, 16%). Paddy et al. 2025 deployed viable C. difficile spores in a controlled chamber to investigate the pathogen's fate and distribution following toilet flushing [32]. Investigators in Clements et al. 2023 deployed DNA tracers in an ambulatory care center to investigate the fate and distribution of SARS-CoV-2 [18]. In contrast, the investigators in Guo et al. 2024 used entirely computational simulations of aerosol dispersion and deposition to inform their risk assessment of SARS-CoV-2 in hospital settings [17]. 
The remaining studies empirically quantified the pathogen of interest in the study setting (n = 9, 47%) [21,24,27,28,34]. Perez et al. 2015 cultured Streptococcus and aerobic, gram-negative bacteria from surfaces in patient rooms [34]. Jalili et al. 2021, Kermani et al. 2022, and Hamilton et al. 2021 quantified culturable Legionella from hospital cooling towers, hospital faucets, and dental unit waterlines, respectively to derive bioaerosol concentrations [31]. Carducci et al. 2016, Liu et al. 2025, and Bennett et al. 2000, used impactors to collect air samples from healthcare settings to enumerate adenovirus, Staphylococcus, and oral microorganisms, respectively [21,27,28].
Exposure Parameters
Across the studies, the exposure routes considered were either fomite-to-hand-to-port or inhalation. The parameters included in fomite-mediated models varied across studies, as did those parameters included in inhalation models (Figure 3). 
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Figure 3. Qualities of the exposure parameters incorporated into quantitative microbial risk assessment models applied to healthcare settings. Source data for each parameter was categorized as deterministic (of a single point value), or stochastic (modeled from a defined distribution of values). Source data were either measured empirically, derived from empirical measurements, assumed, or referenced from literature.

While all fomite-mediated models (n = 14) incorporated a parameter for transfer efficiency [19,23,25,29,30,32–35], few models considered pathogen inactivation on surfaces and hands (n = 2, 14%) [19,29]. Several, but not all, fomite models included parameters for contact frequency (n = 5, 36%) [19,23,29,32,33]and temporal parameters, such as exposure duration (n = 5, 36%) [19,23,29,33]. 
All but one inhalation model (n = 14, 93%) incorporated a parameter for exposure duration [17–22,26–29,31,32], though few also included exposure frequency (n = 4, 27%) [18,21,26,31]. All but two inhalation models (n = 13, 87%) reported a parameter for breathing or inhalation rate [17,18,20–22,26–29,31,32], though only eight incorporated a parameter to account for the respiratory fraction of the bioaerosols, or deposition efficiency (n = 8, 53%) [17–22,31,32]. Several inhalation models assumed constant air concentrations over the exposure duration; few models incorporated parameters to account for biological decay, air-change rates, and particle settling [17–19,26,29,31]. 
Values for many parameters were obtained from the literature or the EPA Exposure Factors Handbook [36]. Values for some parameters were assumed, including the total surface area of fomites in patient rooms [29,30], the fraction of pathogens enumerated from the environment [30], and temporal parameters including contact time and exposure duration [17,26,28,35].
Parameters drawn from the literature were often inconsistent; for example, in the fomite-to-hand-to-port model in Jones et al. 2020, the fingertip area was assumed to be 10 cm2, whereas in Overbey et al. 2021, this parameter was modeled as a uniform distribution between 2.56 cm2 and 4 cm2, as reported in Dandekar et al. 2003 [29,35,37]. Paddy et al. 2025, the hand surface area was modeled as a normal distribution with a mean of 139.46 cm2 and a standard deviation of 16.21 cm2, as reported in Agarwal et al. 2010 [32,38]. In contrast, in the fomite-to-hand-to-port models in King et al. 2021, Abney et al. 2024, and Wilson et al. 2025, the hand surface area was modeled as a uniform distribution with a minimum of 890 cm2 and a maximum of 1,070 cm2, according to the 2011 EPA Exposure Factors Handbook [25,30,33,36]. Thus, the values of hand surface area modeled in Paddy et al. 2025 are at least half the values of those used in other, similar models.
Most inhalation models referenced the EPA Exposure Factors Handbook for breathing and inhalation rates; however, the reported values were inconsistent. For example, Paddy et al. 2025 modeled inhalation as a normal distribution with a mean of 0.648 m3/hour and standard deviation of 0.32 m3 hour-1, where Hamilton et al. 2022 modeled a uniform distribution between 0.78 and 1.02 m3 hour-1 [31,32]. Jones et al. 2020 and Clements al. 2023 used a fixed inhalation rate of 1.2 m3 hour-1, and Liu 2025 used ~15-20 m3 day-1 [18,21,29].
Site-Specific Parameters
Most studies identified exposure settings using general terms, including “patient room,” “general healthcare environment,” “hospital,” “hospital bathroom,” or “bathroom” (n = 12; 63%). One study identified the setting as a general dental office [31] and another specified the dental office of interest [28]. Two studies incorporated site-specific exposure parameters into their models, including measured air-change rates [19] room dimensions [[19] and observed behavioral patterns affecting transmission [19,21].
Dose-response models
The dose-response model was cited in each study; however, there was often little cohesion between models used for the same pathogen of interest (Supplement 2). For example, five studies used the SARS-CoV dose-response model derived in in Watanabe et al. 2010 in their models for SARS-CoV-2 [17,19,29,30], while two studies used a dose-response model for SARS-CoV-2 derived in Pitol and Julian 2021 [25,33,39]. 
 Risk Characterization
Most studies reported their risk assessment results as the probability of infection per exposure event (n = 12, 63%) [18,19,23,25–29,33–35]. Many also reported probability of infection from repeated exposures, for example, over the course of a single day, over a single shift, or over the course of a hospital stay (n = 10, 53%) [19,22–26,30–33]. Some studies reported risk as an annual probability of infection (n = 5, 26%) [20–22,24,32]. Some studies additionally included estimated values for disability-adjusted life years attributed to mortality and morbidity from infection (n = 5, 26%) [20–22,24,32]; one study estimated the value of a life-year lost to mortality and morbidity from infection [22]. While 10 studies (53%) examined the effects of IPC measures [17–19,21,22,25,26,28,30,31], only three (16%) provided estimates of the risk reduction attributable to these measures [18,23,34]. 
Risk Thresholds
Risk thresholds are often used to indicate an exceedance of acceptable risk for the given exposure scenario. While microbial risk thresholds have been established for drinking water in the United States [11], there are no established thresholds for microbial exposures in healthcare settings. Many studies in this review did not compare their estimated risks to any risk threshold (n = 10, 53%) [17–19,22,27,29–31,34,35]. For studies that compared against a risk threshold, the threshold was often based on the US EPA’s drinking water risk threshold of 1:10,000 infections per year [23–26,32,33], or compared with the World Health Organization recommendations of 1 in a million disability adjusted life years[20,21,32].
Variability and Uncertainty
Most studies (n = 15, 79%) included Monte Carlo simulations to capture variability and uncertainty in exposure parameters and in resulting risk estimates [17–19,21–23,25,26,28–33,35]. Few studies reported sensitivity analyses to examine the influence of individual parameters on model outcomes (n = 8, 42%) [18,22,23,25,29,30,32,35]. Among studies that conducted and reported sensitivity analyses, the majority assessed input–output correlations using Spearman rank correlation coefficients (n = 7, 42%) [18,22,23,25,29,30,35]. One study (5%) additionally included a global Sobol sensitivity analysis [22]. One study (5%) did not specify the method used for their sensitivity analysis [32].
Discussion 
The purpose of this review was to evaluate the current use of QMRA modeling in healthcare settings, identify data gaps in existing models, and provide recommendations for future model development. While QMRA has been used to inform infection control for drinking water and food, its application in healthcare settings remains limited. We identified 19 studies that employed QMRA to model infection risk in healthcare environments, resulting in 26 independent probabilistic risk models. Most models have been published since the COVID-19 pandemic, and together they demonstrate the utility of the approach for scenario comparison and identifying high-priority intervention strategies. However, we found that these models have not yet achieved cohesion; they are heterogeneous in their construction, face noticeable data gaps, and lack standard reporting. We also observed disconnects between QMRA approaches and current priorities of infection control and hospital epidemiology modeling. Advancing training, standardization, and integration with hospital epidemiology will be essential to improving the quality and utility of QMRA in healthcare settings.
We found that most applications of QMRA in healthcare emerged in response to the COVID-19 pandemic, when researchers sought to assess the risk of SARS-CoV-2 transmission from infected patients to healthcare staff and secondary patients. These articles conducted extensive scenario testing to identify high-priority interventions to reduce transmission. For example, several studies have compared personal protective equipment use, handwashing, and ventilation with respect to SARS-CoV-2 infection risk [17–19,25,29,30,33]. Consistent with findings from the IPC literature, these studies found that respiratory protection, ventilation, and air purification are among the most effective interventions against this pathogen [18,19,23,33]. In addition, these models demonstrate that droplet-, fomite-, and aerosol-mediated transmission contribute to infection [19,29].

Despite the demonstrated utility of this approach during the COVID-19 pandemic, QMRA models were not considered in the recent review by Smith et al. 2023, entitled “How have mathematical models contributed to understanding the transmission and control of SARSCoV-2 in healthcare settings? A systematic search and review” [7]. This review considered typical infectious disease transmission models, such as the SIR model, but not models based in the risk assessment framework, such as King et al. 2020 and Jones et al 2021 [29,30]. This distinction reflects a historical divergence between the two modelling strategies [40]. 

Where QMRA models estimate a probability of infection using pathogen exposure and dose–response models, SIR models estimate the trajectory of outbreaks at the population level by simulating person-to-person contact [40,41]. While there are efforts to integrate the two modelling approaches [40,42], infectious disease transmission models remain the predominant model in IPC literature [6,7,43–47]. Based on our review, we propose that QMRA models provide complementary insights not captured by SIR models alone. Where SIR models use a single parameter, β, to parameterize transmission, QMRA models specify the mechanisms underlying this transmission. QMRA models parameterize transmission by considering factors such as pathogen-specific biology, environmental conditions, and human behaviour that affect exposure and ultimately the probability of infection [9]. While both approaches are useful for comparing interventions (e.g. personal protective equipment), QMRA models enable a more specific representation of the chain of infection, helping to identify the most critical points for intervention. 

To be considered more widely in infection control, QMRA models will need further harmonization. Based on our review, we found that current models are heterogeneous in their construction, face noticeable data gaps, and lack standard reporting. The models reviewed here presented the setting mainly in general terms, whereas the IPC literature specifically distinguishes between acute care, long-term care, and primary care settings [6,7]. The healthcare setting has a significant influence on the relevance of model parameters. For example, we know that ventilation is an important consideration for IPC in the United States, and that air change rates are monitored, regulated, and vary based on setting [48]. Patient rooms require a minimum of 6 air changes per hour, toilet rooms a minimum of 10 air changes per hour, isolation rooms a minimum of 12 air changes per hour, and surgical rooms a minimum of 15 air changes per hour. There are no air change rate regulations for long-term care facilities [48]. Even though ventilation is a primary intervention for infection control, only five of 15 inhalation models included a parameter describing air change rates[17–19,26,31]. 

Further, for many models, the results are not reproducible. While all papers included equations for risk calculation, not all papers described the data or sources for their parameters. Only three papers included publicly available, reproducible code alongside their manuscript [18,23,49]. While sensitivity analyses are helpful for identifying the most important variable contributing to risk, only five papers here report their results [18,25,29,32,35]. 

Additionally, there appears to be a disconnect between the pathogens considered in QMRA models and those of most importance to hospital epidemiology. For example, in a 2020 systematic review of simulation models for transmission of healthcare-associated infections, Nguyen, Megiddo, and Howick found that the most common pathogens modeled were methicillin-resistant Staphylococcus aureus (MRSA), followed by vancomycin-resistant Enterococci (VRE) and Clostridium difﬁcile [44]. MRSA and C. difficile make up the smallest proportion of models covered in this review. VRE is not mentioned at all. This is perhaps an issue of data availability; dose-response data are available for MRSA and  C. difficile, but not for VRE [50]. While there are numerous reports of outbreaks associated with sink drains and p-traps in hospitals [51–59], there is no modeling of this phenomenon in the current QMRA literature. Together, these gaps indicate that we need better communication between sectors. 
Opportunities for harmonization between IPC and risk assessment could include formal collaborations between infection preventionists and risk assessors, training and education for infection preventionists on risk assessment and modeling, as well as training for risk assessors on the current priorities for IPC in healthcare settings. In addition, future QMRA models can harmonize with IPC efforts by identifying pathogens of greatest concern, adopting conventional IPC language, and communicating the outcomes of these models in terms translatable to hospital administrators (e.g. patient outcomes and healthcare costs). 
Conclusions

The purpose of this review was to evaluate the current use of QMRA modelling in healthcare settings, identify data gaps in existing models, and provide recommendations for future model development. While QMRA has been used to inform infection control for drinking water and food, its application in healthcare settings remains limited. We identified 19 studies that employed QMRA to model infection risk in healthcare environments, most of which were published since the COVID‑19 pandemic and demonstrate the utility of the approach for scenario comparison and identifying high‑priority intervention strategies. However, we found that these models have not yet achieved cohesion; they are heterogeneous in their construction, face noticeable data gaps, and lack standard reporting. We also observed disconnects between QMRA approaches and current priorities of infection control and hospital epidemiology modelling. Advancing training, standardization, and integration with hospital epidemiology will be essential to improving the quality and utility of QMRA in healthcare settings and to realizing its potential to complement existing IPC strategies.
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SUPPLEMENT 2. EXTRACTION FORM
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SUPPLEMENT 3. PRISMA CHECKLIST
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	Title  
	1 
	Identify the report as a systematic review. 
	Title  

	ABSTRACT  
	 

	Abstract  
	2 
	See the PRISMA 2020 for Abstracts checklist. 
	 

	INTRODUCTION  
	 

	Rationale  
	3 
	Describe the rationale for the review in the context of existing knowledge. 
	Section 1 - Introduction 

	Objectives  
	4 
	Provide an explicit statement of the objective(s) or question(s) the review addresses. 
	Section 1 – Introduction 

	METHODS  
	 

	Eligibility criteria  
	5 
	Specify the inclusion and exclusion criteria for the review and how studies were grouped for the syntheses. 
	Methods 

	Information sources  
	6 
	Specify all databases, registers, websites, organisations, reference lists and other sources searched or consulted to identify studies. Specify the date when each source was last searched or consulted. 
	Methods 

	Search strategy 
	7 
	Present the full search strategies for all databases, registers and websites, including any filters and limits used. 
	Methods, Supplemental 1 

	Selection process 
	8 
	Specify the methods used to decide whether a study met the inclusion criteria of the review, including how many reviewers screened each record and each report retrieved, whether they worked independently, and if applicable, details of automation tools used in the process. 
	Methods 

	Data collection process  
	9 
	Specify the methods used to collect data from reports, including how many reviewers collected data from each report, whether they worked independently, any processes for obtaining or confirming data from study investigators, and if applicable, details of automation tools used in the process. 
	Methods 

	Data items  
	10a 
	List and define all outcomes for which data were sought. Specify whether all results that were compatible with each outcome domain in each study were sought (e.g. for all measures, time points, analyses), and if not, the methods used to decide which results to collect. 
	Supplement 2 

	
	10b 
	List and define all other variables for which data were sought (e.g. participant and intervention characteristics, funding sources). Describe any assumptions made about any missing or unclear information. 
	Supplement 2 

	Study risk of bias assessment 
	11 
	Specify the methods used to assess risk of bias in the included studies, including details of the tool(s) used, how many reviewers assessed each study and whether they worked independently, and if applicable, details of automation tools used in the process. 
	Methods 

	Effect measures  
	12 
	Specify for each outcome the effect measure(s) (e.g. risk ratio, mean difference) used in the synthesis or presentation of results. 
	Methods 

	Synthesis methods 
	13a 
	Describe the processes used to decide which studies were eligible for each synthesis (e.g. tabulating the study intervention characteristics and comparing against the planned groups for each synthesis (item #5)). 
	Methods 

	
	13b 
	Describe any methods required to prepare the data for presentation or synthesis, such as handling of missing summary statistics, or data conversions. 
	Methods 

	
	13c 
	Describe any methods used to tabulate or visually display results of individual studies and syntheses. 
	Methods, Supplement2 

	
	13d 
	Describe any methods used to synthesize results and provide a rationale for the choice(s). If meta-analysis was performed, describe the model(s), method(s) to identify the presence and extent of statistical heterogeneity, and software package(s) used. 
	NA 

	
	13e 
	Describe any methods used to explore possible causes of heterogeneity among study results (e.g. subgroup analysis, meta-regression). 
	NA 

	
	13f 
	Describe any sensitivity analyses conducted to assess robustness of the synthesized results. 
	NA 

	Reporting bias assessment 
	14 
	Describe any methods used to assess risk of bias due to missing results in a synthesis (arising from reporting biases). 
	NA 

	Certainty assessment 
	15 
	Describe any methods used to assess certainty (or confidence) in the body of evidence for an outcome. 
	NA 

	RESULTS  
	 

	Study selection  
	16a 
	Describe the results of the search and selection process, from the number of records identified in the search to the number of studies included in the review, ideally using a flow diagram. 
	Methods, Results 

	
	16b 
	Cite studies that might appear to meet the inclusion criteria, but which were excluded, and explain why they were excluded. 
	Results 

	Study characteristics  
	17 
	Cite each included study and present its characteristics. 
	Results 

	Risk of bias in studies  
	18 
	Present assessments of risk of bias for each included study. 
	NA 

	Results of individual studies  
	19 
	For all outcomes, present, for each study: (a) summary statistics for each group (where appropriate) and (b) an effect estimate and its precision (e.g. confidence/credible interval), ideally using structured tables or plots. 
	NA 

	Results of syntheses 
	20a 
	For each synthesis, briefly summarise the characteristics and risk of bias among contributing studies. 
	Results 

	
	20b 
	Present results of all statistical syntheses conducted. If meta-analysis was done, present for each the summary estimate and its precision (e.g. confidence/credible interval) and measures of statistical heterogeneity. If comparing groups, describe the direction of the effect. 
	NA 

	
	20c 
	Present results of all investigations of possible causes of heterogeneity among study results. 
	NA 

	
	20d 
	Present results of all sensitivity analyses conducted to assess the robustness of the synthesized results. 
	NA 

	Reporting biases 
	21 
	Present assessments of risk of bias due to missing results (arising from reporting biases) for each synthesis assessed. 
	NA 

	Certainty of evidence  
	22 
	Present assessments of certainty (or confidence) in the body of evidence for each outcome assessed. 
	NA 

	DISCUSSION  
	 

	Discussion  
	23a 
	Provide a general interpretation of the results in the context of other evidence. 
	Discussion 

	
	23b 
	Discuss any limitations of the evidence included in the review. 
	Discussion 

	
	23c 
	Discuss any limitations of the review processes used. 
	Discussion 

	
	23d 
	Discuss implications of the results for practice, policy, and future research. 
	Discussion 

	OTHER INFORMATION 
	 

	Registration and protocol 
	24a 
	Provide registration information for the review, including register name and registration number, or state that the review was not registered. 
	Methods 

	
	24b 
	Indicate where the review protocol can be accessed, or state that a protocol was not prepared. 
	Methods 

	
	24c 
	Describe and explain any amendments to information provided at registration or in the protocol. 
	Methods 

	Support 
	25 
	Describe sources of financial or non-financial support for the review, and the role of the funders or sponsors in the review. 
	Acknowledgements 

	Competing interests 
	26 
	Declare any competing interests of review authors. 
	Acknowledgements 

	Availability of data, code and other materials 
	27 
	Report which of the following are publicly available and where they can be found: template data collection forms; data extracted from included studies; data used for all analyses; analytic code; any other materials used in the review. 
	Methods 
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