[bookmark: _Hlk33896236][image: ]Healthcare-associated infections (HAIs) result from an intertwined relationship between vulnerable hosts (patients and healthcare workers), opportunistic pathogens (antibiotic-resistant organisms [AROs]), and conducive environments (breaks in infection prevention practices or inappropriate antibiotic prescribing). While strides have been made in preventing these important patient harms, much is unknown regarding their epidemiology, risk factors, and methods of prevention. Thus, there is a clear need for novel and innovative approaches to expand our understanding. In the pages that follow are the proposed research tracks and Core and Collaborative Projects for the Vanderbilt Epicenter for Infection Prevention and Antimicrobial Stewardship. The projects follow the aforementioned thread of the host-pathogen-environment triad. They address stated Epicenter research priorities (Table 0) in innovative and novel ways and are designed to harness existing partnerships with our public health colleagues, to develop a lasting collaborative research infrastructure, and to mentor young investigators interested in healthcare epidemiology and antibiotic stewardship. Track 1 focuses on developing an innovative research infrastructure with a project that examines host risk factors for ARO persistence, which could impact antibiotic selection. Track 2 focuses on the organism, using an open-access platform to identify patients at high risk for ARO colonization. Track 3 examines environmental factors (prescribing barriers) leading to inappropriate antibiotic use (AU). Track 4 blends a focus on organism (respiratory viruses) and the environment (poor clinician recognition). Finally, the Collaborative projects examine methods to improve AU in different environments (outpatient vs. inpatient) with pragmatic, multicenter trials that illustrate Vanderbilt’s ability and enthusiasm for collaboration within the larger Epicenter network. 


[bookmark: _Hlk33875350]CORE TRACK 1:  Using an Innovative Informatics Platform for Novel Infection Prevention and Antibiotic Stewardship Research Questions (Track Lead: Nelson)


With the increased focus on preventing HAIs, halting the spread of AROs, and improving AU, there have been impressive improvements in patient care; however, preventable harms still exist. There is a critical need for insight into novel aspects of these issues, whether increasing understanding of the epidemiology of ARO infections, identifying new risk factors or harms associated with these infections, or assessing nuanced risks for developing these outcomes. Use of novel analytic methodologies for these purposes may optimize appropriate AU and individual patient outcomes, improve the quality of care, and provide critical patient safety processes while reducing antimicrobial-associated adverse events (AE).1-3

Vanderbilt, an international leader in personalized medicine, biostatistics, and bioinformatics, has developed the Synthetic Derivative (SD), a unique, highly detailed informatics platform structured for targeted academic inquiry.4 The SD, containing over 3.3 million unique patient electronic health records (EHRs), allows for efficient chart abstraction and analysis with ready access to deidentified patient-level data that avoids the need for laborious individual chart review required by traditional study designs. Vanderbilt Epicenter investigators have previously utilized this valuable resource to define the risk of myositis following daptomycin use, including the first clear description of the risk of concurrent statin therapy.5 In this project, our team was able to abstract patient and encounter-level data efficiently from 3,042 patient charts to identify this risk association. This powerful clinical data platform is linked with the BioVU sample repository, the largest collection of DNA samples (288,421, as of 02/25/2020) coupled to EHRs at a single academic institution world-wide. Together, these electronic and biological archives comprise one of the world’s largest resources for patient phenotype correlation studies and highlight the clinical functionality and translational impact of the SD with enhanced capabilities proposed below. 

This track will utilize and enhance this innovative and efficient tool to create a novel research framework for HAI, ARO, and antibiotic harm research.  While this infrastructure will be used to answer the innovative research question posed in this track (Core Project 1.2), it will also provide a lasting framework to allow for other investigator-initiated research studies focused on these topics. In addition, while the SD is only present at Vanderbilt, the findings from the potential research studies can inform the larger evidence base around HAI and ARO risk and prevention that can be utilized at other healthcare facilities.

[bookmark: _Hlk33875318]Specific Aim 1.1:  Incorporate standardized healthcare-associated infection and antibiotic-resistant organism outcomes into the Synthetic Derivative to allow for efficient, innovative, and reproducible risk factor and outcome analyses. (CORE PROJECT 1.1)

[image: ]The SD currently has tremendous ability to examine important questions efficiently such as AEs related to antibiotics (e.g. VUMC Epicenter daptomycin project5); however, the SD’s utility for novel research approaches for HAIs and ARO epidemiology is limited, as HAI surveillance outcomes as captured by the gold standard Centers for Disease Control and Prevention’s (CDC) National Healthcare Safety Network (NHSN) methodology are not captured within the tool. Thus, natural language processing (NLP) algorithms, which are complex to implement effectively, have been the primary tools available to examine these outcomes. Recently, the SD team has partnered to incorporate patient-level data captured through standardized data registries, such as the Vermont Oxford Network. The use of these standardized data sources in conjunction with the existing robust SD platform analytic tools has amplified the power of the SD.

This project aims to enhance the SD to incorporate and validate important HAI and ARO-focused outcomes, which will allow novel investigations into these topics (Fig. 1.1). This project will consist of two key portions: 1) incorporation of the NHSN HAI and ARO data into the SD and 2) development and validation of key HAI and ARO-related disease phenotypes to utilize for related questions.  Specifically, the creation of clinical “phenotypes” (as opposed to reliance on administrative coding outcomes used by many large data platforms) is an important aspect of the SD tool. Research-grade clinical phenotypes can be created from EHR data for use in a variety of applications, from quality improvement to complex patient or population health outcomes.6 Phenotype algorithms employ heuristic or machine learning algorithms, combining multiple data sources to achieve high positive predictive values (PPVs) for desired phenotypes. 

Importantly, the SD team has also validated SD-developed phenotypes within other EHR systems to illustrate the generalizability of the work to other healthcare systems. Prior analysis of published phenotypes demonstrate high precision across different EHRs with nearly identical PPV.6 Through the VUMC-led PheKB Network,7 to date >70 phenotype algorithms have been developed and deployed, including drug-induced liver injury, pneumonia, and antibiotic-associated Stevens-Johnson Syndrome.6 The VUMC Integrated Data Access and Services Core (IDASC) has developed and implemented >50 phenotype algorithms using EHRs, including medication-related AEs.8-11 IDASC’s prior successes demonstrates a track record for scientific achievement applicable to Track 1’s proposed Aims. HAIs and ARO phenotypes included within NHSN data incorporated into the SD will be immediately available within the enhanced SD platform; clinical phenotypes for additional infectious conditions of interest (e.g. asymptomatic bacteriuria) as well as ARO status (colonization vs infection) will require development. All HAI and ARO phenotypes will be created through open source coding for broader application and study in sites able to query an EHR but without the capabilities of SD. 

Data Sources: The Vanderbilt Infection Prevention Electronic Resource (VIPER) is VUMC’s HAI surveillance platform, which utilizes NHSN HAI surveillance definitions to identify HAIs, capture device days and surgical procedures, and flag cultures growing an ARO. HAI data are entered into the NHSN platform using standardized data fields. In partnership with the SD and the IDASC, HAI and ARO data captured by VIPER will be integrated into the SD.    

Data import period:  Data from the years 2010 onward for all HAIs within VIPER will be incorporated into the enhanced SD. Standardized data dictionaries will be created that will also note changes in CDC NHSN surveillance definitions over the data period. Discrete HAIs and microbiology (specimen type, pathogen, susceptibility patterns, etc.) data fields and processes for regular upload of the NHSN data will be developed.

[image: ]Data validation: Importation of VIPER data will utilize the Observational Medical Outcomes Partnership (OMOP) Common Data Model (CDM) which has been used for >50 databases comprising >680 million patient records.12 Recent VUMC studies demonstrated the feasibility of implementing the OMOP CDM across sites to speed phenotyping execution.13,14 Therefore, the importation of VIPER data in OMOP offers tremendous opportunities for its scalable deployment. For NLP methods, text strings will undergo secondary review with potential misidentifications analyzed to determine error attribution (e.g. concept mapping or documentation errors) to produce a confirmation of structured data and unstructured free text fields available to identify clinical conditions of interest.

Phenotype Development: Phenotype algorithm creation, validation, and implementation will be performed within the SD through an iterative refinement process, a method that IDASC has >10 years of experience and expertise conducting.15 NHSN HAIs included in VIPER will not require additional validation and will be available for immediate use after database construction (Table 1.1). All variable definitions and metadata labels, including methods and modalities used in the phenotype criteria, will be regularly updated. These criteria are based, in part, on phecode, a widely used biomedical research method developed at VUMC, which utilizes custom ICD groupings to define cases and controls for 1,886 diseases or traits to date; prior VUMC research demonstrates superior results to ICD codes alone.16 We will develop and validate our phenotype definitions through two approaches: 1)  hypothesis-driven or rule-based; (i.e. an algorithm proposed by domain experts incorporating numerous laboratory, microbiologic, and patient factors as well as NLP approaches will be refined with resulting algorithm to be validated until PPV >90% to contextualize results when the results alone are not representative of disease state) and 2) non-hypothesis-driven; machine or deep learning methods applied to EHR data to classify cases and controls.17

[bookmark: _Hlk33875376]Specific Aim 1.2: Evaluate the risk for subsequent antibiotic-resistant organism identification in patients with an antibiotic-resistant organism identified on prior cultures to guide appropriate antibiotic utilization. (CORE PROJECT 1.2)

Aim 1.2 provides an example of the analytic power of the enhanced SD tool created for Aim 1.1. Traditional ARO risk factor analyses recognize discrete patient characteristics, often relying on labor-intensive chart abstraction. ARO predictive models remain limited18-22 and are hindered by reliance on claims data and a lack of longitudinal patient-level characteristics, including prior ARO status.19 Better tools and recognition of patients at risk for ARO colonization are critical to improve appropriate AU.23 Optimizing AU by reserving broad-spectrum antibiotics for use only when necessary can be challenging when caring for patients with prior ARO colonization or infection. The conventional approach for empiric antibiotic selection in this scenario relies on patient-specific risk factors (e.g. healthcare exposure) and prior culture results, which may reflect the patient’s colonization status and likelihood of continued ARO presence. In patients with prior ARO+ cultures, this approach may lead to overuse of valuable antibiotics if the prior culture no longer indicates the patient’s actual ARO colonization status. The interval between prior ARO identification and impact on subsequent recovery of ARO at either the same or alternative site of detection requires further investigation. For example, the need to empirically treat a patient with a previous isolation of an extended spectrum beta-lactamase producing (ESBL+) E. coli urinary isolate who is again presenting with a UTI with a broad-spectrum antibiotic likely varies based on the interval between prior ARO identification and presentation with subsequent infection. Even less clear is whether the ARO-targeted empiric antibiotics are necessary for future presentation with an infection at an alternative culture site (e.g. if a previously ARO+ patient presented with a new hospital-acquired pneumonia, would he or she still need ARO-specific empiric therapy?).  Patient risk for developing an ARO infection changes over time; most studies to date treat dynamic risk factors as static which significantly impacts clinical application. Even recent, well-designed studies encounter reduced sensitivity due to limited patients available for inclusion and capacity for external validation. In contrast, the SD contains >493,000 unique patients with >2.3 million clinical cultures and associated clinical data (Fig 1.2).

This core project will analyze the temporal relationship between prior patient-specific ARO identification and the risk of subsequent ARO infection stratified by infection site (localized vs. distant site) to inform appropriate empiric AU. We have intentionally selected a clinically important question with enough complexity to illustrate the unique attributes of the SD for HAI and ARO research. It captures the power (evaluable subjects) and data efficiency of prior large claims database analyses alongside the descriptive capacity of studies incorporating patient-level clinical data. While the analytic work proposed is complex, traditional research methods would be time-prohibitive. Recently, VUMC successfully applied three machine learning algorithms to a similar clinical risk model (logistic regression, random forest, and gradient boosting), showing superior performance compared to traditional clinician-derived risk assement.24 Fig 1.2: Synthetic Derivative Clinical Isolates by Site >10,000Specimens


Study Outcomes: The primary outcome will be the risk of subsequent ARO detection at any site within predefined time intervals. Secondary outcomes include risk of subsequent ARO infection at localized vs. distant site and pathogen and resistance phenotype specific analyses.

Study Population/Period: Patients ≥18 years of age with ≥ two microbiologic cultures (≥ 14 days apart) collected between Jan 1, 2010-Dec 31, 2019 present in the enhanced SD (Fig. 1.3). 

[image: ]Outcome Definitions: ARO+ culture is defined as any clinical culture with ARO growth, and ARO recurrence is defined as growth of the initial ARO in subsequent cultures. Recurrence will be categorized as localized (same ARO+ culture site as initial growth) and distant (different specimen type, [Fig. 1.3]).

Statistical Analysis: Descriptive statistics will be presented as median (interquartile range) or frequency (%). Continuous variables will be compared using Wilcoxon rank-sum test, and categorical variables using Pearson chi-square test. Candidate predictor variables will be selected based on clinical expertise, literature review, and data availability in the enhanced SD and will be evaluated for completeness, strength of marginal relationship with outcomes and other variables via Spearman rho. Outcomes will be evaluated in both development and validation cohorts, using the same definitions and inclusion criteria with c-statistics reported for the prediction model. All pairs of same-patient cultures will be binned by time interval (t=t1−t2 [early - late culture date]) and included in the regression model. Two ARO risk prediction models will be developed for localized and distant recurrence using multivariable logistic regression. Continuous predictors will be appropriately transformed using restricted cubic splines. Internal model validation and calibration will use several complementary methods (logistic regression, random forest, and gradient boosting) and potential tensor-factorization for dynamic temporal outcome analysis.25 



CORE TRACK 2: Novel Antibiotic-Resistant Organism Surveillance (Track Leads: Talbot, Staub)
[bookmark: _Hlk32392416]

Identifying patients colonized with AROs as they move between healthcare facilities is an essential strategy to stem regional transmission of these important pathogens.26,27 Such awareness can actively direct interventions to prevent ARO spread within the accepting facility.  The most commonly proposed tool to aid in this communication relies on individual notification upon patient transfer (usually via a standardized interfacility communication form), and compliance with such tools is suboptimal. In Oregon, hospital self-reported compliance with a state requirement for such communication was 87%, while nursing home compliance was only 68%.28 In TN, where such communication is recommended but not required, use is much lower. Thus, there is a need to utilize novel tools and data to link and visualize the movements of patients who are colonized with AROs throughout the healthcare system to better understand the risk these patients pose for ARO transmission. Additionally, with this understanding, one can proactively implement infection prevention interventions to reduce pathogen transmission. Our hypothesis is that a data-driven intervention coupling transfer volume and ARO prevalence will lead to effective and targeted interventions to reduce organism transmission within the receiving healthcare facility. This track will build upon a successful Tennessee Department of Health (TN DOH) project that utilized statewide hospital discharge data and aggregated facility-level patient sharing data from the Centers for Medicaid and Medicare Services' Minimum Dataset to construct patient sharing networks.29 It will also utilize an open access tool for data visualization and analysis (RShiny) which allows for broad applicability of this surveillance application.30 

[bookmark: _Hlk33875420]Specific Aim 2.1: Design a Visual Surveillance Tool for inter-healthcare facility Antimicrobial Resistance (V-STAR) using an index facility’s microbiology data linked to admission-discharge-transfer (ADT) information to identify epidemiologic antibiotic resistant (AR) “hot spots” in the index facility’s patient-sharing network. (CORE PROJECT 2.1)

RShiny allows users to create web-based applications to visualize and engage with datasets.30 In 2019, Rany Octaria MD MPH, an Epicenter consultant, worked with TN DOH to use RShiny to produce a dynamic visualization of TN patient transfer and admission data obtained via the TN Hospital Discharge Data System (HDDS). This tool allows individual TN healthcare facilities to visualize their interconnectedness to other facilities based on patient ADT volume and was built to aid facilities in predicting the risk of receiving patients colonized with an ARO from an index facility in the event of an outbreak or notification of novel ARO emergence in the region (Fig. 2.1). While this tool looks at patterns of patient transfer, it does not include ARO data. To meet this need, we will develop a visualization model, based in principle on the TN DOH tool, that links VUMC-specific ADT data and patient-level microbiological culture data to visualize the movement of patients who are infected or colonized with AROs throughout TN. VUMC’s inter-facility network encompasses estimated >90% of TN healthcare facilities, making it an excellent pilot site for this effort.

[image: ]Data Collection: All patients with a direct transfer into and from VUMC (ADT Data) from January 1, 2019 to December 31, 2020 will be extracted from VUMC’s EHR data repository. The patient’s medical record number (MRN), encounter number, gender, county of origin, dates of transfer, transferring facility name, facility name to which patient was discharged, and encounter-specific VUMC microbiological cultures will be captured. All microbiological cultures from any site, sterile or otherwise, demonstrating an ARO, defined as either an ESBL+ producing organism or a carbapenem-resistant Enterobacteriaceae (CRE), will be flagged. ADT data will be cross-referenced and linked with microbiology data, matched by unique patient MRN and encounter. Only the initial culture of a unique patient encounter in which an ARO is identified will be linked in order to avoid falsely inflating the effect of an individual patient with repeat ARO cultures in a single encounter. The ARO culture will then be “assigned” to either the transferring facility or VUMC based on the initial culture date (i.e. cultures obtained within 72 hours of patient transfer are assigned to the transferring facility; those obtained >72 hours after patient transfer will be assigned to VUMC). All patient encounters without an ARO identified will be included to visualize overall volume of patient movement and to assess the proportion of ARO colonized patients transferred between two facilities. The finalized dataset after sensitivity analyses (see below) will be transferred into RShiny for creation of V-STAR.

Data Visualization: Utilizing RShiny and VUMC data, a transfer network map will be created (hosted on a secure Vanderbilt server website) using the above dataset. Patient flow volume will be represented by facility circle size. Transfers in which a patient was identified to have a culture-proven ARO will be color-coded: red for incoming transfers and blue for outgoing transfers. Transfers without an identified ARO will be color-coded gray. Increasing volumes of transferred patients with AROs will be represented by a deepening of the assigned color. Data will be able to be filtered on the population level by date of transfer (in month intervals), patient gender, patient age at time of transfer, type of transfer (in, out, both), presence of ARO, type of ARO, and site of ARO culture (e.g., blood, urine, etc.). V-STAR will show the comparative effect of an individual facility’s ARO colonized patient transfers from VUMC’s perspective.

Outcomes: V-STAR will be used to calculate a risk score of receiving an ARO-colonized patient from each facility in the visualized network. This risk score will be calculated based on volume of shared ARO-colonized transfers within the prior 12-month period and weighted by proximity to other high-risk facilities based on pre-defined TN Emergency Medical Services regions. Secondary outcomes will include the correlation between ESBL+ and CRE prevalence within each inter-facility relationship to predict whether high volumes of ESBL+ transferred patients necessarily predict a higher probability of sharing a CRE-colonized patient within that same inter-facility relationship.  We will also analyze whether there is a difference in ARO movement based on patient gender, age and season of the year. 

Sensitivity Analysis: To evaluate the clinical utility and generalizability of V-STAR, we will compare the difference in visualization of network and ARO risk based on two models of patient colonization status. The first treats each patient encounter with a documented ARO culture as a single event. This model does not presume sustained ARO colonization for future encounters unless a new ARO culture is obtained during that specific future encounter. The second treats patients with an ARO+ culture as persistently positive during future encounters for a time period of 6 months after the initial ARO culture encounter. We will also test whether using the weighted risk score differs from using a more simplified proportion measured as the number of ARO-colonized transfers divided by all transfers to/from a single facility. 

Study years: The aggregation, validation and data linking will occur from October 2020-July 2021. V-STAR development will occur from August 2021-May 2022 with pilot testing from May 2022-September 2022.

Challenges and Opportunities: V-STAR’s accuracy may be limited by the lack of access to culture results obtained at outside facilities. To estimate this limitation, we will randomly select a convenience sample of 10% of all patient transfers not already identified as an ARO transfer who received broad-spectrum, ESBL+ or CRE treatment antibiotics (carbapenems, tigecycline, colistin, etc.) within the initial 24 hour period after transfer to review whether there was documentation of prior outside facility cultures via scanned documents to assess the percentage of patients not captured as an ARO patient transfer by the V-STAR algorithm.

[bookmark: _Hlk33875459]Specific Aim 2.2: Evaluate the impact of an EHR notification to alert infection prevention personnel of patient admissions from facilities associated with a high-risk ARO colonization prevalence. (CORE PROJECT 2.2)

Using the surveillance data from Core Project 2.1, this project will involve development of an alert within the VUMC EHR to notify infection prevention team members (IP) when patients have been admitted from high risk ARO transfer facilities.  The alert will allow for proactive interventions, including empiric placement into contact precautions, active surveillance testing for ARO colonization, and decolonization strategies (e.g. chlorhexidine [CHG] application).  

Study Period:  Funding years 3-5 (~ October 2022-October 2025) with an intervention study period of 2 years

Intervention:  Using the data from Core Project 2.1, high risk transfer facilities will be identified.  An EHR-based notification, sent directly to IPs, will be developed that will identify patients transferring from high-risk facilities to VUMC. The EHR currently contains other IP-directed alerts that direct specific action upon patient admission  (e.g. instituting isolation precautions when a patient with a contagious infection is readmitted), and this high ARO risk alert would follow a similar workflow. Upon receipt of the alert, IP would order empiric contact precautions, perirectal ARO surveillance cultures, and CHG decolonization if not already indicated by current VUMC policy (standard practice for all intensive care unit [ICU] patients and all non-ICU patients with a central vascular or midline catheter). Current IP workflow consists of on-call personnel who review all alerts daily as part of a standardized workflow, within which this intervention will readily fit. Currently, usual care at VUMC does not include routine surveillance cultures for AROs.

Study Design: We will study the impact of the notification using a pragmatic design in which the intervention will be turned on hospital-wide (“notification period”) and off (“usual care”) for 3-month blocks over the course of the 2-year study period. A washout period of 2 weeks between each study block will be used in the analysis to account for potential impact across the blocks (e.g. screened patients still hospitalized during the usual care blocks who could impact risk of ARO transmission, Fig. 2.2). As the IPs during usual care would not be accessing individual patient charts to assess transferring facility information, we anticipate minimal contamination across the time periods.  

Outcomes and Analysis Plan: Rates of the 2 ARO classes, calculated as both an aggregate and separately by specific AR type, per 1,000 patient days (with 95% CI) will be compared between the notification and usual care periods.  Cultures obtained as a result of the active screening intervention in the notification period will be excluded from the analysis. Baseline annual rates of cultures positive for ESBL or CRE organisms were 2.19 [image: ]per 1,000 patient days (aggregated). With this baseline rate over a 2-year study period with an estimated 400,000 patient days (224,000 annual in 2019), there is 80% power to detect an 18% rate reduction.

Challenges and Opportunities: Variations in other infection prevention practices could impact ARO transmission.  To assess this potential confounder, we will examine inpatient unit hand hygiene compliance rates over the study period.  At VUMC, hand hygiene is measured in all clinical units by trained observers as a part of a foundational safety program.31  Annually, over 30,000 observations are captured. Daily compliance with CHG application is also tracked and will be compared between the two study periods. Finally, any seasonal alterations in ARO epidemiology could also affect ARO rates; however, such seasonality has not been described. Future projects using this research infrastructure include development of a clinical predication model for ARO colonization that includes clinical data as well as development of a decision support tool to direct empiric antibiotics that accounts for patients admitted from high risk ARO facilities.
  

[bookmark: _Hlk33875541]CORE TRACK 3: Improving Appropriate Outpatient Antibiotic Utilization (Track Leads: Staub, Katz; Mentored by: Nelson, Banerjee)

[image: ]Annually, about 2.8 million Americans are diagnosed with and 35,000 die from an ARO infection.32 Antimicrobial resistance is driven by AU,33 and an estimated 85-90% of all AU occurs in outpatient settings.34 There are few published large-scale outpatient antibiotic stewardship (AS) intervention studies in the United States.35-37 

Vanderbilt Epicenter investigators have collaborated with the TN DOH to evaluate Tennessee outpatient AU using IQVIA™ Xponent (IQVIA) (Durham, NC, formerly IMSQuintiles) outpatient TN antibiotic prescription data. IQVIA uses a patented method incorporating 100% of wholesale pharmacy distribution data and ~90% of retail pharmacy sales data to project 100% of dispensed prescriptions.38 Our results showed that 9.3% of prescribers accounted for 50% of all TN outpatient antibiotic prescriptions (Fig. 3.1).39 For the pediatric population, 2% of prescribers accounted for >25% of pediatric outpatient antibiotic prescriptions.40 

This track builds on successful collaborations with the TN DOH to address important deficits surrounding our knowledge of outpatient prescribing.  Specifically, Core Project 3.1 will evaluate provider-perceived barriers to reducing inappropriate AU in the outpatient setting across TN. A paucity of data exists about barriers to reducing AU in the United States outpatient setting (particularly for adult, specialty, urgent-care, retail and non-physician providers),41-48 and data about these barriers are necessary to design effective AS interventions. Core Project 3.2 will employ user-centered design (UCD) strategies to create AS interventions that specifically address the barriers identified in our first aim. Existing studies show mixed results in terms of efficacy and sustainability for tested AS interventions, and no published study has focused on involving outpatient prescribers in the development of AS interventions. For Core Project 3.3, we will pilot these outpatient-specific AS interventions to test their feasibility, utility and effectiveness in reducing inappropriate AU. Results of the initial quantitative surveys are crucial to inform subsequent AS interventions crafted in Aim 3.2 that will be piloted in Aim 3.3. Our ultimate goal is to disseminate these successful AS outpatient interventions across TN and, potentially, other states, as currently no clear AS intervention exists that spans differing prescriber specialties, practice locations, healthcare system affiliations, patient populations. 

Tennessee, as the 6th highest-antibiotic prescribing state, especially needs large-scale AS interventions. The history of successful VUMC-TN DOH collaborations coupled with VUMC’s unique clinic mix that not only includes primary, specialty, and urgent care clinics but also Walgreens retail clinics makes our site an excellent development and testing ground.  

[bookmark: _Hlk33875516]Specific Aim 3.1: Assess barriers to reducing inappropriate antibiotic use for TN outpatient providers using qualitative survey methods. (CORE PROJECT 3.1)

The ambulatory care setting functions differently than inpatient settings in respect to time constraints, illness acuity, and access to AS expertise. Additionally, over 1/3 of prescribers in TN are nurse practitioners (NPs) or physician assistants (PAs) who may not share the same perceptions and attitudes as physicians towards AS.39 We hypothesize that common barriers to reducing inappropriate AU will be shared across practice locations, specialties, and provider types (physicians, dentists, NPs, and PAs). 

[image: ]Survey Design: We will work with the Effective Health Communications Core (a part of Vanderbilt’s Health Services Research Center) to design a self-administered, web-based survey via REDCap. Questions will be designed to assess provider-perceived barriers to recognizing and reducing inappropriate AU. We will map barriers to three major categories (“barrier domains”), adapted from the consolidated framework for advancing implementation science (CFIR).49 Barrier domains include the individual clinician, the clinic setting and the surrounding community. Each barrier domain will have 3 categories (“sub-domains”) selected based on prior studies evaluating areas of concern in outpatient antibiotic prescribing.41-47,50-57 Three questions per barrier domain, consisting of Likert scale and short-response questions, will assess sub-domain barriers. The totaled  scores will comprise an overall score for each domain (Table 3.1).50  The initial survey will be piloted in a representative subgroup of VUMC clinicians to assess the survey’s ability to effectively communicate questions to respondents and to accurately  and reliably reflect respondents’ barriers.

Survey Administration & Population: We will create a list of prescribers from the 2018 IQVIA Xponent data, ordered from highest to lowest by each prescriber’s total antibiotic prescriptions. We will exclude the lowest 50% of prescribers based on our knowledge that the highest 50% of prescribers (~16,500) account for 95% of all outpatient antibiotic prescriptions (Fig 3.1). We will send a personalized survey link to all 16,500 prescribers with a goal of 4,200 (~25% response rate) responses. Respondents will represent the diversity of TN providers in terms of prescribing behavior, practice location, specialty, gender and birth decade. Partnering with TN DOH, we will use a mixed-mode survey administration strategy to increase study participation.58 Repeat invitations will be sent to non-responders two additional times at two-week intervals. For those still not responding, we will mail a personalized letter with the corresponding survey URL included. We will then target under-sampled populations via phone calls to ensure adequate representation from each demographic defined above.

Outcomes: The primary outcome is the difference in mean scores across the three barrier domains (Table 3.1). Secondary outcomes will be the correlation of each barrier domain score to prescribing behavior as a continuous variable of individual total prescriptions and the differences in provider-perceived barrier domain scores based on gender, practice location, birth decade, prescribing behavior or specialty. 

Data Analysis: We will obtain an aggregate score for each barrier domain by summing the 3 barrier subdomain question Likert scale scores from 1 to 5 (yielding a potential score of 1-15 for each respondent for each barrier domain). A lower score indicates a stronger barrier. We will use a one-way analysis of variance (ANOVA) to analyze the difference in perceived barriers. For our primary outcome, assuming an overall 25% response rate (~4200 total respondents), we estimate an 80% power to detect a 5% difference in perceived barrier domain scores (=0.05). For our secondary outcome, we estimate that with 4,000 prescribers, we will be able to estimate the correlation between prescribing frequency and any one of the barrier domain scores with a margin of error (half-width of 0.95 CI) that does not exceed +/- 0.03 (calculated for the Pearson's r linear correlation coefficient; this will also apply closely to Spearman's rho, which we will use to allow for a nonlinear relationship).

Study period: Survey development, administration and analysis will occur from October 2020-October 2021. 

Challenges and Potential Solutions: There is no validated tool with which to compare our survey. We will pilot the study and revise as needed to mitigate this challenge. The target sample size is large and may be difficult to achieve; however, by pairing with the TN DOH, we can leverage their community relationships to target specific clinician groups and increase response rate and sample representativeness. Additionally, we will use mixed-mode email and mail survey solicitation and telephone-based solicitation to ensure adequate response. 

Based on the survey responses from TN outpatient providers, we will identify their greatest barriers to reducing inappropriate AU. This information will guide and ensure success of Project 3.2. 

[bookmark: _Hlk33875641]Specific Aim 3.2: Employ user-centered design to develop effective outpatient AS interventions applicable to a variety of practice settings. (CORE PROJECT 3.2)

Existing ambulatory AS studies have evaluated interventions (e.g. use of point-of-care rapid diagnostics, communication skills training, antibiotic accountable justification, prospective peer comparison, best practice alerts, and suggested alternatives) and have found mixed results on their efficacy and sustainability.35-37,59-63 The most effective and sustainable ambulatory AS interventions are unknown. Only a few studies have evaluated ambulatory AS interventions implemented across healthcare systems or different regions of practice.35-37,63 No studies exist evaluating design and implementation of ambulatory AS interventions across a state like TN, with high prescribing rates and a high proportion of non-metropolitan, rural counties. 

We will design outpatient AS interventions to address the high-priority, specific barriers identified in Core Projects 3.1 and 3.2 that will be piloted in Core Project 3.3. For Core Project 3.2, we will use the UCD approach in addition to existing expertise that includes: Dr. Amanda Mixon (an implementation science expert who will be advising this project); TN DOH; and the VUMC Center for Research and Innovation in Systems Safety (CRISS), which has successfully partnered with Dr. Katz previously.64  UCD methods have been employed by several industries, including healthcare, to improve acceptance and functionality of their products.65,66 UCD uses an iterative approach to product design, involving end-user feedback to develop products that meet users’ needs and facilitate end-user interaction.67 By using this approach we hope to create partnerships with TN providers to create a truly useful and effective AS intervention. 

[image: ]Methods: Targeted interventions will be selected and designed based on the Expert Recommendations for Implementing Change (ERIC) project’s list of implementation strategies that specifically address the barriers identified in Core Project 3.1 (Table 3.2). A representative subset of clinicians surveyed in Core Project 3.1 from diverse practice regions in TN will be invited to participate in a series of UCD focus groups to evaluate and improve proposed AS interventions. Focus groups will ascertain participants’ insight into an intervention’s ability to address and mitigate specific barriers identified in Core Project 3.1 and an intervention’s feasibility of implementation and potential efficacy in reducing inappropriate AU if implemented. We will seek guidance on how to best approach clinicians, gain buy-in and disseminate interventions. While individualized prescriber AU feedback using IQVIA data will be provided in conjunction with these interventions, it will not be considered a singular intervention. The top 2 interventions, based on ability to address the most-challenging barriers and applicability to a variety of practice settings and types of prescribers (Table 3.2), will be selected for pilot study in Core Project 3.3.

Data Collection and Analysis: Focus groups will be recorded and transcribed. Two separate investigators will review these transcripts and code responses into the following categories for each intervention discussed: factors supporting, factors detracting, and resources and/or steps needed to successfully implement. This process will be repeated as changes and improvements are made to the intervention design. 

Results: Potential intervention feedback will be further reviewed by an interprofessional committee of 3-5 members who will collectively determine the feasibility and effectiveness of each proposed intervention. Subsequently, this committee will decide on the top 2 interventions that will be piloted in Core Project 3.3. 

Study Period: The UCD process to develop interventions will occur from October 2021 to September 2023.

The interventions designed and selected for piloting at VUMC clinics for Core Project 3.3 will be based on the outcomes of Core Project 3.2 (Table 3.2). This approach offers the advantage of piloting interventions designed by clinicians, which will optimize clinical utility and reduce barriers to implementation.

[bookmark: _Hlk33875671]Specific Aim 3.3: Develop, pilot, and analyze UCD ambulatory AS interventions within VUMC primary, specialty, urgent care and Walgreens retail clinics. (CORE PROJECT 3.3)

VUMC offers unique outpatient settings, different from other academic centers, allowing our pilot to more accurately predict the success of these interventions in settings outside of traditional academic clinics.  VUMC not only has primary and specialty adult and pediatric clinics geographically co-located with the adult and children’s hospitals, but also primary care, urgent care, and retail Walgreens clinics located from 2 to 40 miles away from VUMC campus. This diverse mix of clinics serves as a proxy for the range of different specialties, practice locations, clinician backgrounds and patient mix of TN and will allow us to assess the generalizability of the proposed interventions.  Furthermore, VUMC is currently building a multi-faceted, outpatient AS dashboard, with a “go-live” date of July 1, 2020. This dashboard can evaluate AU filtered by antibiotic category, individual antibiotic, encounter diagnosis, division, clinic, or individual prescriber. Additionally, this dashboard will incorporate antimicrobial cost data. This tool will provide the data for our proposed pilot and analyses.

Methods: We will perform a randomized pragmatic trial using stratified block randomization to determine the feasibility and efficacy of the proposed interventions from Core Project 3.2 (Table 3.2). All prescribers practicing at internal medicine, general pediatrics, primary care, walk-in, Walgreens retail, urgent care, urology, dermatology, oral surgery and otolaryngology clinics will be included. These specific specialties were chosen based on our prior work that demonstrated that these specialties have a greater likelihood of being a TN high prescriber and are target populations for antibiotic prescribing reduction efforts.39,40 Providers will be randomized in blocks based on degree type and stratified by primary clinic site and clinical experience (<5 years or >5 years of practice) to one of three arms: control; intervention #1; or intervention #2. At the end of the study, prescribers will be given a web-based, self-administered survey that will include: 1) a 4-item Likert scale survey to evaluate the feasibility of implementing the intervention (the Feasibility of Intervention Measure);  2) three questions assessing prescriber-perceived usefulness of the intervention (self-reported frequency of use, self-perceived changes in  prescribing behavior due to the intervention and barriers to adoption of the intervention); and 3) three questions assessing prescriber satisfaction with the intervention, likelihood of continued use, and suggested improvements.68 

Outcomes: We will utilize the Conceptual Model of Implementation Research to define outcomes.69 This framework outlines three types of measurable outcomes: the primary outcome (“service outcome”); the degree of success of the implementation strategy to deploy the intervention (“implementation outcomes”); and the effect on end-users, in this case the prescriber, (“client outcomes”). The primary outcome (“service outcome”) is the difference between the pre- and post-intervention overall antibiotic prescribing rates (the number of visits in which an antibiotic was prescribed/total visits for that time period) between the three study arms. Secondary outcomes include the pre- and post-intervention change in broad-spectrum antibiotic prescribing rate (oral or intramuscular 3rd generation cephalosporins, macrolides, amoxicillin-clavulanate, and fluoroquinolones) and change in duration of antibiotic prescriptions based on indication.  The primary implementation and client outcomes will be the difference in mean scores on prescriber evaluation surveys between intervention arms for each outcome subsection (implementation and client separately).  

Data Analysis: We will perform an interrupted time-series analysis to separately compare the average rate of antibiotic prescribing, the average rate of broad-spectrum antibiotic prescribing, and the average duration of antibiotics across all three study arms before and after intervention implementation. We will evaluate data from 18 months prior to intervention start until 18 months after intervention implementation. Utilizing a repeated-measure ANOVA as a conservative estimate of power, assuming a high correlation between repeated measures (rho = 0.6 to 0.8), we calculate that for the ~900 prescribers meeting inclusion criteria (divided into three equal arms), we will have an 80% power to detect at least a 10% decrease in antibiotic prescribing rate among the three arms. This 10% difference has been estimated in prior studies to represent a clinically meaningful reduction.36 For evaluation of our implementation and client outcomes, we will assign a subcategory score to each specified outcome and report aggregated averages with interquartile ranges. 

Challenges and Proposed Solutions: The VUMC clinics are located in metropolitan or suburban locations, which limits our ability to assess the effectiveness of implementing these AS interventions in more rural areas; however, these data can inform which interventions may be successfully implemented to a large population and subsequently tailored to account for variations in prescriber efficacy and practice location. 



[bookmark: _Hlk33629453][bookmark: _Hlk31468200][bookmark: _Hlk31290562]CORE TRACK 4:  Novel Healthcare-Associated Infection Epidemiology and Prevention: Healthcare-Associated Viral Respiratory Infections (HA-VRI, Track Lead: Talbot)

Transmission of respiratory viruses within healthcare settings leads to dramatic patient morbidity, mortality, and increased healthcare costs.  Healthcare-associated outbreaks of viral respiratory disease have been documented in a variety of patient populations and clinical settings;70-73 however, comprehensive assessments of the burden of HA-VRI have been hampered by a lack of standardized definitions, varying methods of surveillance, and poor clinician recognition of viruses as causes of nosocomial respiratory illnesses.73  In one of the few examples of rigorous HA-VRI surveillance, a prospective laboratory-based hospital surveillance program in Canada found that 17.3% of all adult laboratory-confirmed influenza cases were healthcare-associated.74 Because HA-VRI, particularly those due to non-influenza and respiratory syncytial virus (RSV) infections, are poorly understood HAIs, through the projects in this track, we will better define the burden, risk factors, and prevention strategies for these important infections.  HA-VRI are especially underrepresented in the scope of published evidence (often limited to reports of outbreaks), infection prevention research, and prevention guidance.75  They are also not included in the group of publicly-reported HAIs and are rarely used as assessments of healthcare quality despite the morbidity associated with these infections.  Our own data suggest HA-VRI are not unusual events in acute care settings (Fig. 4.1), and respiratory viral testing is likely currently underutilized for hospital-onset [image: ]respiratory illnesses.

This track will examine the burden of HA-VRI using existing public health and operational surveillance infrastructures and will assess the impact of a novel inpatient intervention to improve identification of HA-VRI to mitigate healthcare-associated transmission of respiratory viruses. This track leverages the expertise of VUMC Epicenter investigators in the areas of the epidemiology and prevention of HA-VRI (specifically Dr. Talbot’s work on healthcare personnel immunization76-79 and risk of transmission of viral pathogens in healthcare settings80-82), the longstanding leadership of Vanderbilt in the field of respiratory virus surveillance,83-90 and the TN Emerging Infections Program (TEIP) and will capitalize on ongoing surveillance programs examining influenza and RSV burden in TN.   

Specific Aim 4.1:  Estimate the population-level burden of healthcare-associated viral respiratory illness due to influenza and RSV using an existing public health surveillance infrastructure. (CORE PROJECT 4.1)

[bookmark: _Hlk31620837]The TEIP has conducted surveillance for laboratory-confirmed influenza infections among hospitalized patients since 2003 for pediatric patients and 2005 for all inpatients as part of the Influenza Hospitalization Surveillance Network (FluSurv-NET).91 FluSurv-NET monitors community-acquired, laboratory-confirmed influenza-related hospitalizations (i.e. hospitalization of persons residing in the surveillance area at a catchment area hospital <14 days after or <3 days before a positive influenza test result between October 1–April 31 each year).  This well-established platform was adapted to conduct surveillance for RSV hospitalizations in 2016.  This core project will leverage the existing TN FluSurv-NET surveillance data to assess the population-level burden of acute care HA-VRI due to influenza and RSV.  Examination of FluSurv-NET RSV and influenza cases diagnosed after hospital day (HD) #3 (traditional HA-VRI, Fig. 4.2A) will be assessed as well as VRI due to these pathogens diagnosed on admission in patients with a hospital admission within the prior 3 days (Fig. 4.2B), an outcome missed in traditional measures of HA-VRI (i.e. these are often considered community-onset and not related to a healthcare exposure).  
[image: ]
[bookmark: _Hlk31620946]FluSurv-NET Case Ascertainment:  Involving 18 acute care hospitals, surveillance is prospective and utilizes hospital and state public health laboratory databases, hospital infection control practitioner databases, reportable condition databases, EHRs, and/or review of hospital discharge records to identify hospitalized cases of influenza and RSV. Cases are residents of pre-identified catchment areas that encompass 8 counties (~1.2 million people [22% of TN population]) with laboratory-confirmed infection who are hospitalized during the surveillance period. Medical chart reviews are conducted to collect clinical and epidemiologic information including patient demographic characteristics and clinical course of illness during hospitalization by use of a standard form. Clinical data collected depict presence of underlying chronic medical conditions, treatment and vaccination (for influenza), clinical outcomes during hospitalization (including admission to an intensive care unit, need for mechanical ventilation, and death), and hospital discharge diagnoses (see Appendix for Case Report Form).  

[bookmark: _Hlk31883960]Outcomes:  Laboratory-confirmed RSV or influenza infection identified within FluSurv-NET.  HA-VRI will be defined as a laboratory-confirmed influenza or RSV infection in FluSurv-NET diagnosed (as defined by date of symptom onset) after HD#3 (Fig. 4.2A) or diagnosed between HD#0-3 in patients with an associated hospital admission or nursing home stay in the 3 days prior to admission (Fig. 4.2B). Hospital discharges will be captured using the TN Hospital Discharge Data System (HDDS).

Study years:  The study will assess HA-VRI using FluSurv-NET surveillance data from CY2012 (influenza) and CY2016 (RSV) through CY2020.

Data Analysis: Overall and age-specific rates (with 95% confidence intervals) of laboratory-confirmed influenza and RSV HA-VRI, HA-VRI-associated hospitalizations and HA-VRI-associated mortality will be determined.  Secondary outcomes include a description of severe HA-VRI and risk factors associated with severe HA-VRI.  Age-specific rates of laboratory-confirmed HA-VRI-related hospitalizations and associated severe complications will be calculated using population denominators from the most recent census data available for the surveillance area and/or market share data. Denominators for hospitalizations will come from the HDDS. Severe outcomes will be defined as admission to the ICU or death.   

Challenges and Proposed Solutions: Because the TEIP surveillance does not include any prospective testing of ill persons, laboratory-confirmation is dependent on clinician-ordered testing.  As a consequence, cases identified are likely an underestimation of the true number of persons hospitalized with influenza/RSV. Also, other types of pre-admission healthcare exposures (e.g. outpatient clinic visits) are not captured in this surveillance, which may underestimate overall burden. Finally, using HD#3 as the cutoff may misclassify some community-onset infections with delayed testing as HA-VRI.  Even with these limitations, the above project will still meet the unmet need of measuring HA-VRI burden.
[bookmark: _Hlk31290575]
Specific Aim 4.2: Determine the incidence of healthcare-associated viral respiratory infections due to non-influenza/RSV respiratory viruses among hospitalized adult and pediatric inpatients. (CORE PROJECT 4.2)

With the emergence of diagnostic testing for an array of respiratory pathogens beyond influenza and RSV (e.g. parainfluenza, coronaviruses, human metapneumovirus), the recognition of HA-VRI due to these viruses has emerged, mostly via outbreak reports, such as the VUMC Epicenter investigators’ experience with parainfluenza.81,82 VUMC data suggest these viruses may account for a larger burden of HA-VRI than influenza and RSV (Fig. 4.1). Thus, there is a need to better understand the impact and burden of HA-VRI due to these viruses.  This core project will utilize existing VUMC Department of Infection Prevention surveillance data to identify cases of laboratory-confirmed non-influenza/RSV HA-VRI among hospitalized inpatients.  

Study Population and Period: All adult and pediatric patients hospitalized at VUMC (Vanderbilt University Hospital [VUH], Vanderbilt Children’s Hospital [MCJCHV], and Vanderbilt Wilson County Hospital [VWCH]) between November 2017 (the implementation of the EPIC EHR) and the anticipated study start (~January 2022 based on 5-year Epicenter project plan).  VWCH data will start with April 2020, the date of EPIC EHR  implementation at that facility.

Surveillance Data:  The VUMC Department of Infection Prevention currently tracks all positive respiratory tests among VUMC patients and designates all tests positive for hospitalized patients after HD#3 as hospital-onset.  The tests captured include all respiratory virus viral culture testing, molecular assay testing (multiplex respiratory pathogen panel PCR assay, flu/RSV PCR assay]), and rapid antigen diagnostic testing for RSV/Influenza.  Based on VUMC surveillance data for 2019 (Fig. 4.1), we anticipate ~150 hospital-onset non-influenza/RSV positive tests annually, which would provide ~600 cases over the 4 year proposed study period.

Outcome Definitions: HA-VRI will be defined as a laboratory-confirmed respiratory viral infection with symptom onset (as captured by chart review) after HD#3 (Fig 4.2A) or diagnosed between HD#0-3 in patients with an associated hospital admission or VUMC-related healthcare visit in the 3 days prior to index admission (Fig. 4.2B). Hospital discharges will be captured as outlined for Core Project 4.1. VUMC healthcare visits will be captured via EHR abstraction report.

Chart Abstraction:  Chart review will occur for all patients with an identified positive test for non-influenza/RSV respiratory viruses that are defined as hospital-onset as well as patients with positive tests from HD#0-3 that have had a hospital discharge within 3 days prior to admission.  Information abstracted will include clinical presentation and diagnosis on admission, comorbid conditions, medications administered during hospitalization (including antimicrobials and antiviral agents), clinical symptoms around the date of the positive test, clinical course including ICU admission, discharge, and in-hospital death. 

Data Analysis: Rates of laboratory-confirmed HA-VRI (non-influenza and RSV) per 1,000 patient days (with 95% confidence intervals) will be described in aggregate and individually for each virus in the surveillance data (adenovirus; coronavirus HKU1, 229E, OC43, and NL63; human metapneumovirus; parainfluenza types 1-4; and rhinovirus/enterovirus). Rates will also be stratified by adult and pediatric populations. Secondary outcomes include a description of severe HA-VRI (i.e. infection resulting in ICU stay, prolonged LOS attributed to the infection, or death attributed to the infection as assessed by chart review) and risk factors associated with severe HA-VRI.  

Challenges and Proposed Solutions: These are similar to those outlined for Core Project 4.1.
[bookmark: _Hlk31290586]
Specific Aim 4.3: Evaluate the impact of a novel clinical decision support advisor to prompt respiratory virus testing among patients with a hospital-onset respiratory illness. (CORE PROJECT 4.3)

[bookmark: _Hlk33001114]One of the major challenges to fully capturing the burden and effectively preventing the spread of HA-VRI is the reliance on clinicians to consider and then test for respiratory viruses as a cause of hospital-onset respiratory illness. Under recognition of viruses, traditionally considered “community-based” pathogens, as causes of HA-VRI is suggested by some available surveillance data.  In the CDC’s 2015 HAI national prevalence survey, while healthcare-associated pneumonia was the most prevalent HAI (with a majority of those events being non-ventilator related), only 1 case out of the 110 identified across the surveillance population was attributed to a virus.92 While data on the frequency of respiratory virus testing in this clinical scenario are lacking, this finding suggests a reduced awareness of respiratory viruses as a cause of serious hospital-onset respiratory illness. This core project will assess an intervention that rapidly identifies inpatients with a new respiratory illness after HD#3 and then provides a decision support advisor that actively directs clinicians to assess for the need for respiratory virus testing.  Our hypothesis is that such an intervention will lead to an increase in respiratory virus testing with a subsequent increase in identified cases of HA-VRI and implementation of key infection prevention interventions, such as isolation precautions, to prevent nosocomial spread to others.  This project leverages the Vanderbilt Epicenter investigators’ prior experience with developing other HAI-related decision support advisors (e.g. an active reminder of diarrheal medication receipt when ordering C. difficile testing93) with the existing infrastructure at VUMC to assess clinical decision support (CDS) advisors within the EHR. Specifically, this project leverages resources and insight developed for a CDS study of community-acquired pneumonia (CAP) treatment guidance currently underway at VUMC (PI D. Williams, an advisor on this core project).  In addition, we have extensive experience at Vanderbilt of not only conducting randomized crossover pragmatic trials in our Learning Healthcare System but doing so in a sufficiently rigorous way to publish in high-profile journals.94,95  

Study Population and Period:  Hospitalized adult and pediatric patients admitted to VUH or MCJCHV between January 1, 2023 and December 31, 2024 with new hospital-onset respiratory illness (HO-RI). 

Development of HO-RI Phenotype:  Accurately defining HO-RI with high specificity to avoid CDS advisor fatigue will be important and will be the first portion of this project.  Using the identified cases of HA-VRI in Core Project 4.2, an assessment of various factors (including vital signs [e.g., fever, change in oxygen saturation], changes in oxygen support, chest radiograph orders and results, and clinical diagnostic test ordering [e.g. respiratory specimen culture]) will be used to identify a clinical phenotype with high sensitivity and specificity for HA-VRI.  

EHR-based Decision Support Intervention: We will then develop and implement a usable, EHR-based CDS strategy provided at the point of care of inpatients. Inpatients with a new HO-RI after HD#3 will be identified using a CDS advisor that will then activate and ask the clinician to assess if the patient could have a HA-VRI and encourage respiratory viral testing, if indicated. If selected, ordering such testing is already linked at VUMC to empiric placement into contact and droplet isolation precautions, which mitigates transmission if the HO-RI was due to a viral infection. The advisor will also capture rationale in the event respiratory testing is not felt to be indicated by the clinician.

Study Design:  Because ordering clinicians care for patients throughout the hospital, a unit-based cluster randomized trial of the intervention would have risk of substantial contamination across clusters. Therefore, we will study the impact of the advisor using a pragmatic design (similar to that used for the aforementioned CAP treatment study) of permuted blocks in which the intervention will be turned on (“intervention period”) and off (“usual care”) for 1 month blocks, with the blocks in an 4 month permuted randomized crossover design. This will also provide variation of implementation across respiratory virus seasons to account for the seasonal change in infection incidence. Due to the nature of the intervention, blinding of treating clinicians is not possible. 

Outcome Definitions: The primary outcome of interest will be the frequency of respiratory virus testing among patients with HO-RI.  Secondary outcomes will include HA-VRI rates per 1,000 patient days (as described for Core Project 4.2 with the addition of influenza and RSV infections) and total isolation days (contact and droplet precautions only) per 1,000 patient days.

Data Analysis: We will use a weighted, cluster-level logistic regression96 to compare respiratory virus testing rates for HO-RI between the two groups. In this analysis, data for each cluster are collapsed into a single summary measure, and the summary measures are then analyzed as if they were raw data, facilitating simple data reporting and interpretation. We will also use a hierarchical logistic regression model with cluster effects treated as random, a more complex analytic approach but one which offers additional flexibility regarding model assumptions and incorporation of cluster-level and individual-level covariates.96  An important consideration in the analysis is the possibility of contamination effects in the usual care arm related to changes in provider behavior due to past exposures and awareness of the intervention. Such contamination would be expected to bias toward the null hypothesis. Based on our extensive experience with similar trials,95 we posit that such effects will be of minor concern since 1) we anticipate the HO-RI is an uncommon event so that repeated exposure to the intervention by any one provider would be infrequent; and 2) resident physicians, the providers responsible for the majority of order entry and thus directly exposed to the intervention, rotate monthly and only work in inpatient units for portions of the year. We have designed our randomization and monthly crossover periods around these important considerations. 

[image: ]Challenges and Proposed Solutions:  We do not anticipate major difficulties designing or implementing our CDS advisor given the experience with the aforementioned CAP CDS study. If challenges arise, our experienced team possesses the necessary expertise, past experience, and institutional resources to address and overcome them. Design challenges (such as alert fatigue risk) will be addressed by our usability and decision support experts to troubleshoot and develop effective solutions prior to and following implementation. The severity of annual virus seasons may impact the findings, but the use of a multiyear study period should help mitigate this risk.

Information Applicable to All Proposed Projects: 

[image: ]Communication and Leadership Plan: The Vanderbilt Epicenter Oversight Committee (Figure) will consist of the PI and all track leads.  This group will meet biweekly to ensure all projects are completing tasks as per study timelines. Vanderbilt Epicenter Investigators will actively participate on all CDC-guided Epicenter meetings and will maintain frequent, regular communication on study progress and other tasks as requested. 

Evaluation and Performance Metrics: Performance metrics (Table) will be used to ensure successful performance of the overarching Epicenter program’s major goals.  

[image: ]Dissemination of Vanderbilt Epicenter Findings:  The results of all proposed projects will be presented within the Epicenter collaborative, at appropriate scientific meetings, and, as appropriate, will be made available to policy makers and federal advisory committees.  Timely publication of study findings in peer-reviewed literature will be expected and is noted in the overarching timeline (Table). In addition, tools developed from these projects (e.g. RShiny platform, any EPIC EHR tools) can be disseminated hospitals if found effective.

OPTIONAL COLLABORATIVE PROJECT #1:  Impact of Rapid Respiratory Pathogen Diagnostic Testing on Inappropriate Antibiotic Use in Urgent Care and Retail Health Clinics:  A Multicenter Prospective Cluster Randomized Trial (Leads: Banerjee, Katz)


This proposed study will utilize the expertise of Vanderbilt Epicenter investigators in the areas of outpatient antibiotic stewardship, particularly in urgent care and retail clinics, and pragmatic, randomized controlled trials of rapid diagnostic tests to address knowledge gaps regarding optimal test implementation strategies, clinical impact and cost effectiveness of rapid diagnostics in the outpatient setting, and interventions to improve judicious antibiotic use for respiratory tract infections.

BACKGROUND:  Antibiotic overuse is common among outpatients and drives antibiotic resistance.  In the outpatient setting in the United States (U.S.), up to 30% of antibiotic prescriptions are unnecessary or for the wrong drug, dose, or duration.97 Approximately 50% of these unnecessary antibiotics are given for acute respiratory conditions, which are most often viral and do not require antibiotics.98 The majority of inappropriate antibiotics for respiratory tract infections (RTIs) are prescribed in urgent care and retail health centers, the fastest growing sectors of U.S. healthcare.99,100 Point-of-care molecular diagnostic tests that are rapid, sensitive, and can identify a variety of viral pathogens during an outpatient visit have potential to reduce unnecessary antibiotic use for patients in outpatient settings, including urgent care and retail clinics.

No outcome-focused studies of viral diagnostics have been conducted in urgent care or retail settings, where 40% of outpatient antibiotics are prescribed.99  Prior outcomes studies, performed primarily in emergency department settings, have been heterogenous in terms of study design, testing methods, study populations, and implementation strategies, and have been limited by small sample sizes and observational study designs, often with historical control groups.101-109 While some studies have shown that rapid viral detection is associated with decreased use of antibiotics and ancillary laboratory testing and increased antiviral use,101,102,104,109 others demonstrate no impact on the rate of ancillary testing or antibiotic prescriptions.103,107,110 A 2014 Cochrane Review of rapid viral diagnostics in the outpatient setting111 and a recent systematic review evaluating molecular testing for influenza and respiratory syncytial virus (RSV) both concluded that there was insufficient evidence to support routine use of viral diagnostics.112  Implementation strategies for viral testing and the impact of non-influenza virus detection on medical decision making have also not been rigorously evaluated, yet clinicians must decide whether to routinely perform viral testing on all RTI patients or select populations, and whether to preferentially use tests that detect single or multiple targets. Despite the markedly limited data about clinical utility and implementation strategies, a variety of costly molecular viral diagnostics are now widely available and used in the U.S. 

[image: ]There is great need to rigorously evaluate the clinical utility, cost-effectiveness and optimal testing strategies of viral diagnostics in outpatient settings. We hypothesize that diagnostic tests detecting influenza/RSV or other respiratory pathogens, used either alone or sequentially, can promote judicious antibiotic use for RTIs in urgent care and retail clinics. To test this hypothesis, we will conduct a 3-arm, multicenter, cluster randomized controlled trial in adult and pediatric urgent care and retail settings. Urgent care and retail clinics will be randomized to one of three arms: 1) usual care with either no viral testing or influenza and/or RSV testing only; 2) multiplex testing for multiple viral and atypical bacterial targets; 3) sequential testing, in which influenza and/or RSV testing is performed initially, followed by multiplex testing on influenza/RSV-negative specimens (Fig. 1).  

SPECIFIC AIMS

1. [bookmark: _Hlk33875744]Determine the impact of respiratory pathogen detection on antibiotic prescribing for acute respiratory tract infection (RTI) among patients evaluated in urgent care and retail clinics.  We will compare the percent of RTI encounters that result in an antibiotic prescription. We will test the hypothesis that the antibiotic prescription rate will be lower in sites with multiplex testing (arms 2 and 3) compared to sites without multiplex testing (arm 1).  

2. [bookmark: _Hlk33875776]Determine the most cost-effective strategy for respiratory pathogen testing.  We will test the hypothesis that sequential testing will be more cost-effective than usual care or multiplex testing only.

3. Evaluate the impact of respiratory pathogen diagnostics for RTI on patient-reported satisfaction in the urgent care and retail clinics. We will compare patient satisfaction scores between the arms to test the hypothesis that patients in the multiplex testing group will have higher patient satisfaction scores than the usual care and sequential testing groups.

RESEARCH DESIGN AND METHODS

Study Design: The proposed study is a prospective, pragmatic, cluster randomized, controlled, multicenter 3-arm trial among patients older than 60 days seeking care in an urgent care setting (walk-in clinic, after-hours clinic), or retail health clinic during one influenza and RSV season (September through April). Other Epicenters that meet site criteria (as detailed below) will be selected as collaborating sites.  To implement the study, we will work with Vanderbilt’s Learning Health System which has extensive experience designing and conducting pragmatic clinical trials. Vanderbilt investigators are currently engaged in qualitative research projects at these clinic locations at VUMC and have long-standing relationships with providers and medical directors in each setting. We anticipate that these relationships will facilitate provider engagement with the study.

Patient Population:  Adults and children older than 60 days evaluated in urgent care or retail health clinics for RTI between September through April of the study year. Of note, while some of these clinics will also be study sites for Core Project 3.3, the timing of the Collaborative trial described here and that of Core Project 3.3 differs by several years (Epicenter funding year 2 for the Collaborative and years 4-5 for Core Project 3.3).  Thus, we do not anticipate any unintended conflicts between these two studies.

Inclusion/Exclusion Criteria: Patients seeking care for an upper respiratory tract illness with at least two of the following signs/symptoms: history of fever (≥38.0o Celsius), cough, rhinorrhea, sore throat, or nasal congestion will be eligible for study inclusion.  Eligible participants will be identified for respiratory pathogen testing by the treating provider. We will exclude patients who are admitted to the hospital on the same day as the index encounter. 

Collaborating Epicenter sites selected to participate in this study must have the ability to track outpatient encounters and antibiotic prescribing rates in urgent care or retail clinics and have sufficient number of RTI encounters during the study period. Participating sites must also employ usual care diagnostic testing methods (either no viral testing or influenza and/or RSV testing) with similar sensitivity and turn-around-time as usual care methods used at VUMC sites, should have sufficient space and personnel to be able to house and use the multiplex testing instrument, and should have the ability to track patient satisfaction domains similar to those collected at VUMC, as detailed below.

Consent:  We will apply for a waiver of consent for study participation, as this is a pragmatic clinical trial evaluating different strategies of routine clinical care in a real-world clinical setting. The goal of the study is not to evaluate the performance of the rapid tests (which has previously been rigorously determined during the FDA approval process), but rather to determine if implementation of the rapid tests impact clinical management. As such, the research involves no more than minimal risk to subjects. There will be no subject contact by investigators for this trial and all subjects will receive standard of care laboratory and clinical practices, including treatment with antibiotics, if recommended by treating providers. The study cannot practicably be conducted without the waiver given the high volume of RTI encounters and the need for testing to be performed immediately, during an encounter. We will also have as a resource the IRB Reliance Exchange joint IRB review model operated by Vanderbilt for multisite studies that provides a mechanism to streamline IRB submission and the IRB review process at all phases of IRB review through the sharing of and reliance on IRB-approved documents between IRBs.

Randomization and Blinding:  We will randomize each individual clinic to one of 3 arms. Randomization will be stratified by clinic type (urgent care or retail health clinics). Treating providers and investigators will not be blinded to the study arm.  

Study Procedures:  The decision to obtain respiratory pathogen testing for participants in each arm will be left to treating providers; however, providers in all arms other than the usual care arm will receive education from investigators about multiplex testing used either alone (arm 2) or sequentially following influenza testing (arm 3), as well as interpretation of results and implications for antimicrobial prescribing  Providers in the usual care arm and the multiplex molecular testing arm will obtain 1 nasopharyngeal swab to use for viral testing. In the sequential testing arm, providers will obtain 2 nasopharyngeal swabs at the time of initial testing. The second swab will be set aside for use in the event that initial influenza or RSV testing is negative. Due to the 1-hour time from specimen collection to result reporting for the multiplex test, patients will have the option to wait at the clinic for test results or have phone follow-up regarding test results and possible electronic antibiotic or antiviral prescription if needed. The decision to prescribe antibiotics or antivirals will be left to the treating providers. 

Respiratory Pathogen Testing:  All testing will be performed by clinic personnel on-site, as point-of-care testing. Usual care at VUMC urgent care and retail clinics includes influenza testing via the Quidel® Sofia® Influenza A+B Fluorescent Immunoassay (FIA), which uses immunofluorescence-based lateral-flow technology to detect influenza A and influenza B viral nucleoprotein antigens. Sensitivity and specificity using nasopharyngeal swabs range from 90-97% and 95-97%, respectively.  The test requires approximately 2 minutes of hands-on time and 15 minutes from test start to result report.113 The multiplex molecular testing method we will use is the BioFire® FilmArray® Respiratory EZ (RP EZ) Panel, an FDA approved, CLIA-waived instrument that uses nested multiplex polymerase chain reaction to test for 14 targets (adenovirus, coronavirus, human metapneumovirus, human rhinovirus/enterovirus, influenza A, influenza A/H1, influenza A/H3, influenza A/H1-2009, influenza B, parainfluenza virus, respiratory syncytial virus, Bordetella pertussis, Chlamydophila pneumoniae, and Mycoplasma pneumoniae) using a nasopharyngeal swab.  The test requires 2 minutes of hands-on time and takes approximately 1 hour to result. Sensitivity and specificity range from 91-100% and 96-100% for all targets, respectively.114 

Data Collection:  We will utilize an electronic data collection system that captures information about outpatient diagnoses, antibiotic prescriptions, ancillary laboratory tests and radiographs ordered during a visit, and patient comorbidities from the participating clinics.  Ancillary testing that will be captured includes complete blood count with differential, basic or complete metabolic panel, Group A streptococcal rapid antigen or PCR testing, urinalysis, blood or urine cultures.  Patient satisfaction scores will be collected by each clinic using the Press Ganey and Quality Reviews, or other instruments that are currently in use and will be provided monthly in de-identified form to investigators.  Patient satisfaction domains to be analyzed include the amount of time the provider spent with the patient, friendliness and courtesy of providers and staff, the provider’s discussion and explanations of conditions and proposed treatment, and efforts to include the patient in decisions about care, provider and nurse concern, degree to which patients are informed about delays, explanations around test procedures, instructions on follow-up care, and likelihood of recommending the clinic and care provider to others. Other Epicenter sites that track patient satisfaction scores will compare similar domains.

Definitions:  (1) Acute respiratory tract infections (RTI) encounters will be defined as those having diagnosis codes for non-streptococcal pharyngitis, sinusitis, bronchitis, bronchiolitis, pneumonia, viral upper respiratory infection, or otitis media.115 (2) Antibiotic prescriptions will be extracted from the medical chart at the time of electronic prescribing and will include oral or intramuscular routes.  (3) Broad-spectrum antibiotics include amoxicillin-clavulanate, azithromycin, third generation cephalosporins, and fluoroquinolones.

Outcomes: The primary outcome is percent of RTI encounters with an antibiotic prescription within 3 days of the index encounter. We will analyze this outcome in the following pre-specified subgroups: subjects with influenza detected; subjects with non-influenza pathogens detected; subjects with no pathogens detected; pediatric subjects (<18 years); adult subjects. Secondary outcomes include the percent of RTI encounters with rapid testing performed per protocol; percent of all encounters (RTI and other diagnoses) with an antibiotic prescription in the 3 days following the index encounter; percent of RTI encounters with an antibiotic prescription by clinic type (retail health, pediatric only clinic or adult and pediatric walk-in clinic); percent of RTI encounters with an oseltamivir prescription; median days of antibiotic prescribed per encounter, among encounters with antibiotic prescriptions; median days of broad-spectrum antibiotics prescribed per encounter, among encounters with antibiotic prescriptions; patient satisfaction scores; cost per encounter; number of ancillary laboratory and radiographic tests ordered per encounter; number of repeat visits within 1 week of an encounter. 

Sample Size Justification and Statistical Analysis Plan

There are 30 urgent-care and retail clinics affiliated with VUMC and integrated into the VUMC electronic medical record (EMR), including 14 retail health clinics (Walgreen’s), 10 walk-in clinics, and 6 Pediatric After Hours Clinics). This partnership between retail health clinics and an academic medical center is unique. In these urgent care and retail clinics, between September through April, there are roughly 6,835 total RTI encounters each month, and the antibiotic prescription rate for RTI is approximately 52.9%. An 8-month study conducted September to April will provide an average cluster size of 1822.7 RTI cases. Assuming  an intra-cluster correlation of no greater than 0.03 and a coefficient of variation in cluster size (the standard deviation in cluster sizes divided by the average cluster size) of no greater than 0.75, this provides 80% power to detect a reduction in antibiotic prescription rates of 11.8% (52.9% to 41.1%) in the intervention arms of the study. The addition of a second site of similar size, under the same assumptions, will provide 80% power to detect a reduction of 8.3% in the intervention arms. These calculations use a two-sided Type 1 error rate of 5%.
Descriptive statistics characterizing the patient population will be reported at the encounter level. Continuous variables will be reported as medians and interquartile ranges. Categorical variables will be reported as frequencies and proportions. Comparisons involving these variables will use a Kruskal-Wallis test or Pearson chi-square test, respectively. The primary analysis will compare the proportion of RTI encounters prescribed antibiotics within three days between arm 1 and arms 2 and 3 combined using a generalized linear mixed effects model including treatment assignment, clinic type, and continuous date (to adjust for seasonality) as fixed effects, and clinic as a random effect. The primary analysis will use intention to treat group assignment. Subgroup analyses will measure treatment effect within the sub-populations described above using a similar mixed effects model and limiting to these populations. Secondary analyses will use a similar mixed effects model using the secondary outcomes described above.

Potential Challenges and Alternative Approaches
This study is powered for the primary outcome only and may have insufficient power to detect differences in secondary outcomes and subgroup analyses. We may encounter a lower than expected compliance rate with testing strategies.  In that case, we will perform targeted outreach to these clinics to understand barriers to testing, enroll an additional center and/or extend the study period.  There may be regional differences in respiratory pathogen prevalence across Epicenters.  We will attempt to adjust for this in the analysis using random effects logistic regression. We will not have the ability to follow-up patients for hospitalizations or clinic visits at locations outside of participating institutions, so may have incomplete capture of this outcome. Because we will be evaluating antibiotics that are electronically prescribed but will not assess whether prescriptions are filled, we will not be able to ascertain whether clinicians employed delayed prescribing or watchful waiting prescriptions that patients are instructed to fill in 2-3 days if symptoms fail to improve.  
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[bookmark: _Hlk33875972]OPTIONAL COLLABORATIVE PROJECT #2:  Improving Antibiotic Utilization by Prescriber Feedback:  A Multicenter Prospective Cluster Randomized Trial (Lead: Nelson)

Antimicrobial resistance (AR) is a serious national and global problem. The Centers for Disease Control and Prevention (CDC) has emphasized the threat that AR presents23 with numerous, high-profile reports highlighting the need for a multifaceted, coordinated approach to reduce inappropriate antimicrobial use (AU), the primary driver of AR.3,98,116 Antimicrobial stewardship (AS) is a critical component of intervention strategies to reduce AU.117 Mounting evidence demonstrates that AS programs (ASP) can optimize individual patient outcomes, improve the quality of care, and provide critical patient safety processes while reducing inappropriate AU. In addition to promoting AR, inappropriate AU causes increased morbidity, mortality, and adverse outcomes including C. difficile infection, drug toxicities, increased lengths of stay and healthcare costs.2,118 Reasons for inappropriate AU are myriad and include diagnostic uncertainty, unawareness or deviation from treatment guidelines, and fear of undertreating a potentially lethal infection. Novel diagnostic tests, innovative AU surveillance methods, and behavioral interventions focused on improving healthcare professional (HCP) performance are all important, but failure to develop methods to drive desired AU behaviors will reduce the overall impact of advancements in AS. Given the above difficulties faced by individual HCP, expert ASP guidance through HCP collaboration emerges as essential approach. Surveillance data on AU are equally important to identify improvement opportunities, guide and track interventions and raise awareness of current performance at the individual and population level. A core ASP strategy championed by the CDC is standardized AU surveillance and feedback of AU data to HCPs. An awareness of AU can potentially drive prescriber behaviors to reduce inappropriate AU, but the optimal methods to provide such feedback are unknown. 

While the majority of evidence demonstrating ASP benefits arose from studies within acute care settings, most research evaluating the impact of providing AU data to HCPs comes from the outpatient arena.36,37,63,119,120 In outpatient settings, provision of AU data to HCP with peer comparison reduces inappropriate AU, although there is no firm conclusion on the optimal method for such feedback. Various populations (entire clinic practice vs. individual providers), HCP targets (highest AU prescribers vs. all prescribers), and comparator groups (target AU goal, peer performance, or top performers) have been investigated.121 Research evaluating the impact of AU data feedback and comparison methodologies in inpatient settings is even more limited. 

Prospective audit and feedback (PAF) is an ASP strategy where ASP personnel interact directly with HCP to tailor AU for individual patients after an antimicrobial has been prescribed. PAF is considered a “priority intervention” supported by substantial evidence.118,122,123 The most important barrier to PAF is the required ASP resources necessary to conduct individualized audit, particularly in larger facilitites.124 The resources required to support comprehensive PAF varies by hospital factors, including bed size, and feedback method (e.g. by phone vs. in person).125 Developing resource-efficient methods incorporating PAF principles are needed given the extreme resource constraints of ASPs and sheer number of inpatient HCPs and burden of AU at individual hospitals. A complementary and less resource-intensive approach is to provide aggregate AU data to HCPs paired with interpretive guidance (e.g. general suggestions on how to reduce broad-spectrum antibiotics); however, this strategy lacks the direct link to individual patient treatment decisions. CDC added AU surveillance to the National Healthcare Safety Network (NHSN) in 2011 to provide facility, regional, and national AU data to assist in prevention and improvement aims. Standardized AU metrics are reported in days of therapy [DOT]/1000 patient days present to provide a Standardized Antimicrobial Administration Ratio (SAAR), a risk adjusted AU benchmark.126 AU surveillance is based on antimicrobial and patient care location (e.g. medical care unit vs. surgical intensive care unit) groupings and does not provide AU data at the service level (e.g. urology vs. general medicine). Service lines coordinate diagnostic and therapeutic services that apply to similar diseases and conditions, organizing them under a single clinical structure. Evaluation of the impact of location-based AU feedback is limited, and the effect of service level AU feedback has not been studied.127 Understanding the benefit of direct service-based aggregate AU feedback compared to aggregate AU feedback in the inpatient setting is critical to inform ASP strategies and is the focus of this Collaborative Project. 

Preliminary Data

[image: ]Vanderbilt University investigators have extensive experience in the creation and successful implementation of data feedback programs designed to change HCP behavior. Some of the initial research in outpatient AU data feedback methodology was conducted at Vanderbilt,128 which informed subsequent research promoting patient safety by identifying outliers from data gathered from nearly 80,000 national HCPs with >2.5 million codable reports.129 This model was then utilized to improve hand hygiene compliance through standardized auditing and data feedback with marked and sustained improvement in a population of over 14,000 HCP.31 Given the lack of consensus on optimal AU feedback methodologies, prior research by Vanderbilt Epicenter investigators described provider attitudes and preferences on AU attribution and data feedback to inform optimal implementation methodology.130 Results showed that providers wanted AU feedback on a quarterly basis (69%), via email (73%), and grouped by and compared within their service (63%). 

[image: ]Starting in December 2018, quantitative AU data feedback has been provided biweekly by the Vanderbilt University Hospital (VUH) ASP to the Geriatrics service via an email report card (Fig. 1) with total and class-specific AU and comparator and prior year performance benchmarking (a.k.a. “aggregated AU feedback”). In April 2019, VUH ASP began providing the 5 non-teaching inpatient general medical services with the above biweekly data feedback coupled with ASP review of all patients on antimicrobials with patient specific AU recommendations relayed to the primary team electronically (a.k.a. “intensive patient-specific feedback,” Fig. 2). To date >1,119 patients have received the intensive patient-specific feedback intervention with >250 recommendations provided. Unadjusted raw pre-post grouping analyses demonstrate total AU (DOT/1000) was lower post enhanced feedback implementation, though not statistically significant (741.1 vs. 725.4, p=0.60); however,  statistically significant reductions were noted in the rate of use of broad spectrum antibiotics for antibiotic-resistant Gram-negative pathogens (342.4 vs. 292.3, p=0.03). 

This proposed Collaborative Project will compare the impact of aggregated service-based quantitative AU data feedback, resource-efficient intensive patient-level audit and feedback, and usual ASP approaches. 

SPECIFIC AIMS

1. [bookmark: _Hlk33875812]Evaluate the impact of two antimicrobial use feedback methodologies (aggregated antimicrobial use and intensive patient-specific feedback) among inpatient general medicine services. We will test the hypothesis that provision of any AU feedback will reduce AU compared to baseline stewardship strategies. 

2. [bookmark: _Hlk33875884]Determine if intensive patient-specific feedback is more effective than aggregated antimicrobial use feedback. We hypothesize that intensive patient-specific feedback will demonstrate larger AU reductions compared to aggregated AU feedback. 

3. [bookmark: _Hlk33875907]Evaluate healthcare professional knowledge, attitudes, and practices associated with the two AU feedback methods. To understand future opportunities, stakeholder acceptance, and assessment of self-identified behavior modifications, a post-implementation survey will be conducted. 

RESEARCH DESIGN AND METHODS

Study Design: We will conduct a prospective, pragmatic, cluster randomized, crossover, multicenter 3-arm trial among hospitalized patients on general medical services ≥18 years of age. General medical services will be randomized 1:1:1 to two AU feedback intervention arms and one control arm. Other Epicenters that meet site criteria (detailed below) will be selected as collaborating sites. To implement the study, we will work with Vanderbilt’s Learning Health System (LHS), which has extensive experience designing and conducting pragmatic clinical trials. For Specific Aim 3, a standardized survey will be sent to all general IM service HCP present during the study period to assess knowledge, attitudes, and practice modification after study completion. Responses will be attributed to the primary method of feedback received by HCP (i.e. aggregated, intensive patient-specific, or no feedback), based on cumulative percentage of exposure.

Patient Population: All inpatients ≥18 years old admitted to a general internal medicine (IM) service, including geriatric IM, non-teaching or hospitalist IM services, and IM services for patients in observation status.

Inclusion/Exclusion Criteria: Inpatients hospitalized and present in an NHSN-defined inpatient location who are enrolled as part of another research study protocol will be excluded. Prophylactic antibiotics with no clear stop date, antibiotics used for reasons other than to treat infections (e.g. rifaximin for hepatic encephalopathy), and topical, otic, and ophthalmic preparations will be excluded from the outcome measure. Patients prescribed antibiotics during their time on a non-study team (e.g. intensive care unit) and transferred to a study team will be included in the study, but only antibiotics received while under care of study team will be included in the analysis. Patients admitted to a general IM team and subsequently transferred to a non-study team will be excluded from duration of therapy analyses as duration may not reflect the prior care team’s decisions.

Collaborating Epicenter sites selected to participate in this study must have a dedicated ASP and the ability to monitor AU per CDC definitions (DOT/1000 days present)126 based on medication administration data. Sites must also have ability to identify service groupings to calculate service-based AU data. 

Consent: We will apply for a waiver of consent for study participation, as this is a pragmatic clinical trial evaluating different strategies of AU data feedback in a real-world hospital setting. The goal of the study is not to evaluate the various ASP strategies in place at participating sites, but the impact of additional AU feedback. As such, the research involves no more than minimal risk to subjects. There will be no subject contact by investigators for this trial, and all subjects will receive standard of care clinical practices, including treatment with antibiotics, if recommended by treating providers. 

Randomization and Blinding: We will randomize each IM team 1:1:1 for initial assignment to 1 of 2 intervention arms or control; treating services, providers, and investigators will not be blinded to the study arm. If several services comprise the overall IM service, each will be randomized (e.g. 6 total IM teams randomized within participating Epicenter 1:1:1 (2 IM services in each arm, [denoted “Services in Arm 1, 2, 3;” Fig. 3]) for the initial period and will crossover every 3 months with a 2 week wash out period between intervention periods. The study period will run for 2 years to account for seasonality and delayed intervention effects.

Data Collection: An electronic data collection system will capture aggregate service-level demographic, AU administration, microbiologic, and outcome data for eligible patients. Case-mix index will be obtained over study period for participating sites to adjust for differential complexity of care at a facility level. 

Definitions: Days of therapy (DOT), days present, and antimicrobial classifications defined per CDC definitions.126 Antimicrobial spectrum index, a measure of breadth of antimicrobial coverage for hospital pathogens of importance will be calculated per patient per day to yield service level data.131 AU appropriateness will be based on national and hospital-specific guidelines and adjudicated by 2 members of the ASP collaborative study team to ensure consistency; a 3rd study member will review discrepancies. 

Outcomes: The primary outcome is average proportion of AU days, calculated as the number of AU days divided by length of stay, will be compared at the encounter level between the three study arms. This will be analyzed in the following pre-specified subgroups: 1) patients not seen by Infectious Diseases (ID) consultation and 2) teaching and non-teaching services. The secondary outcomes are class-specific AU based on CDC classifications,126 in-hospital mortality, length of stay (LOS), antimicrobial spectrum index,131 readmission rate at 30 days, AU duration, incidence of ID consultation, and AU appropriateness will be compared at the patient encounter level between study arms.
 
[image: ]AU data feedback implementation: After study protocol review, finalization, AU data sources will be reviewed to ensure ability to attribute AU to service-lines consistently. Aggregate AU data feedback will be provided on a biweekly basis electronically (Fig. 2).

Statistical Analysis Plan: Patient demographic and clinical characteristics will be summarized by team and intervention arm. Between group comparisons will use Wilcoxon or Kruskal-Wallis test for continuous variables and Pearson’s chi-squared test for categorical variables. Primary and secondary outcomes will be compared between study arms using a generalized linear mixed effects model including service as a random effect and treatment arm, demographic, and clinical patient characteristics as fixed effects. Unit of measure will be patient level DOT/LOS to leverage the benefits of the cluster cross over design from which DOT/1000 (CDC metric) will be reported for generalizability. For Aim 3, a Wilcoxon test will be used to compare survey responses between the aggregate and patient-level feedback methods, and a Bonferroni correction for specific between group differences will be used.
 
Sample Size Justification: Based on prior data collected from our general medicine services, we estimate that our study would enroll 7873 total encounters per study arm. Additionally, we estimate that in the baseline arm, the average encounter-level proportion of LOS classified as AU days is 0.471. Assuming a standard deviation in this outcome of no greater than .5, we estimate that we have 80% power to detect a true reduction to 0.449 (0.022 absolute reduction, 4.7% relative reduction). The addition of two additional sites of similar size to VUMC would increase the estimated encounters per study arm to 23619. Under the same assumptions described above, this would provide 80% power to detect a true reduction to 0.458 (0.013 absolute reduction, 2.8% relative reduction). These calculations assume a two-sided type 1 error rate of 5%.

Potential Limitations and Alternative Approaches: This study is powered for the primary outcome only and may have insufficient power to detect differences in secondary outcomes and subgroup analyses. Degree of implementation may vary between sites impacting clinician awareness of AU data. Educational materials describing direct AU data feedback methodology will be standardized prior to intervention start. There may be regional or site-specific differences in acceptance of surveillance data feedback or foundational ASP engagement which may affect receipt of AU data intervention. We will attempt to adjust for type of baseline ASP activities as detailed by the CDC core element assessment tool132 completed prior to study initiation. We will not have the ability to follow-up patients after hospital discharge to evaluate outcomes that may not occur during index hospitalization.   
[bookmark: _GoBack]
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Table 1.1 Phenotype Examples for the Enhanced SD
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infection; CAUTI: catheter-associated urinary tract infection, ESBL: extended-spectrum p-lactamase producing organism; CRE:
carbapenem-resistant Enterobacteriaciae; MDR: multidrug-resistant organism; ASB: asymptomatic bactiuria; HAI: healthcare-associated
infection; NHSN: National Healthcare Safety Network

S. aureus; GLABSI: central line-associated bloodstream
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Figure 2.1: Visualization of Inter-Facility Transfers, 2014 with
Vanderbilt University Medical Center Selected as Index Facility
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Table 3.2: Potential AS Interventions to Address Identified Barrier Domain
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Figure 4.2: Schematic for HA-VRI. A: Testing/Symptom Onset Occurs after Hospital
Day #3; B: Testing/Symptom Onset Occurs HD#0-3 in Patient with Healthcare
Exposure 0-3 Days Prior to Admission. HD = Hospital Day
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Figure 1. Schematic of study design
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Figure 1. Sample Aggregated Service-Line AU Feedback Report
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Figure 2. Sample Intensive Patient-Specific AU Feedback Report
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