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Current State
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An Enduring Legacy of SENIC
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THE SENIC PROJECT

STUDY ON THE EFFICACY OF NOSOCOMIAL INFECTION
‘CONTROL (SENIC PROJECT)

e i e T v | 0 L@NAMArk study designed by CDC in
0. o, 8 0 0 1974 to describe US infection control
e et G e oy e programs, measure nosocomial infection

rates, and determine if implementing
infection surveillance and control
programs lead to lower HAI rates

o Resounding success

o Set the framework for infection control for
the next 50 years

Haley, Am J Epi 1980;111:472-485
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An Enduring Legacy of SENIC

AMERICAN

o Used detailed chart reviews to estimate an

- FemRORRY 08 or HAI rate of 5.7 events per 100 admissions
~ Original Contributions o UTI42%
THE ATIONWIDE NOBOCOMIAL INPROTICN BATE o 551249
o HAP 10%

o Bacteremia 5%
o Other sites 19%

o Documented that robust infection control
programs were associated with substantial
reductions in HAls

o Parallel data demonstrated that devices,
procedures, and intensive care accounted for
the majority of nosocomial infections

Haley, Am J Epi 1985;121:159-167
Stamm, Ann Intern Med 1978,89:764-769

Progress Report on the Evaluation of the Efficacy
of Infection Surveillance and Control Programs

An Enduring Legacy of SENIC

o SENIC set multiple precedents:

1. Infection control programs can be very
impactful; a required program for hospitals

2. We should focus our attention on a small set of
high yield infections (SSI, CAUTI, CLABSI, +HAP)

3. Surveillance requires detailed chart reviews by
trained experts applying clinically nuanced
definitions

Haley, Am J Med 1981;70:971-978

Is this still the right approach for the current era?

o Are we capturing the right events (completeness, morbidity)?

o Are we conducting surveillance in an efficient and objective
fashion?

o Is our approach commensurate with current data sources and
documentation practices (i.e. EHRs)?

Difficulties with our current surveillance targets
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Complicated
Labor Intensive
Subjective

Non-Specific

It’s Hard!

o Is this patient’s fever due to infection or some other cause?

o Is this bacteremia due to abdominal infection or line-infection?

o Is this coag-negative Staph a contaminant or a true pathogen?

o Is this positive C.diff test colonization or infection?

o Was this present on admission or was it hospital-acquired?

o Does the surgeon’s prescription for antibiotics for “erythema”
count as an attending physician’s diagnosis of infection?

o Is cholecystitis after colectomy a surgical site infection?

o etc.
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They Are Rare!
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And Becoming Rarer

HAls per 100 Patients
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CDC point-prevalence surveys for HAls in 2011 (183 hospitals) vs 2015 (199 hospitals)

40% decrease

in SSI!
40% decrease 40% decrease
in CAUTI! In CLABSI!
2015 . 2015 . 2015
SSl CAUTI CLABSI

Magill, N Engl J Med 2018;379:1732-1744

They Miss the Most Common HAI

CDC one day point-prevalence survey of HAls in 199 hospitals in 10 U.S. states

Hospital-acquired pneumonia
Gl infections including C. difficile
Surgical site infection

Primary bloodstream infections

a W oe

Urinary tract infections

Magill, N Engl J Med 2018;379:1732-1744
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They vary widely in their impact
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Burden & Mortality of HAls in Europe
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They miss non-device-associated infections

100%

65% non-device

209 38% non-device

27% non-device
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Magill, N Engl J Med 2018;379:1732-1744
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Leveraée the breadth and detail of electronic health data to'improve
the completeness, timeliness, and significance of surveillance
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What’s the alternative?
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National Healthcare Safety Network (NHSN)

CDC - NHSN Home - Patient Safety Component - Calculators & Worksheets © OO0 O
A NHSN Home .
MDRO & CDI LabID Event Calculator Version 2.0
NHSN Login
® Welcome to Version 2.0 of the MDRO & CDI LablID Event Calculator. Version 2.0 operates based upon the currently posted
About NHSN LabID Event protocols in the NHSN Multidrug-Resistant Organism (MDRO) & Clostridioides difficile Infection (CDI) Module.

Enroll Facility Here

CMS Requirements

Change NHSN Facility Admin
Resources by Facility
Patient Safety Component

Annual Surveys, Locations &
Monthly Reporting Plans

Analysis Resources

Antimicrobial Use & Resistance

The calculator is a web-based tool that is designed to help users learn how to accurately apply the MDRO & CDI LabiD

Event algorithms and assist users in making the correct MDRO & CDI LablID Event determinations.

Please note that the MDRO & CDI LablD Event Calculator does not ask users to enter any patient identifiers (other than
dates of specimen collection, which can be changed as needed). The MDRO & CDI LablD Event Calculator does not save,
store, or report any data that is entered. Likewise, LabID Event determination data are NOT reported to the NHSN
application, and users will not be able to export data entered into the Calculator. Therefore, events that are determined
by the Calculator to be LabiD Events will need to be entered into the NHSN application either manually or via CDA.

If you have questions or suggestions about the Calculator, please feel free to send them to the NHSN mailbox:

nhsn@cdc.gov.

MDRO & CDI LabID Event Calculator
Version 2.0
(must have javascript enabled)
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Centers for Disease Control and Prevention
DC COC 2477 Saving Lives, Proteciing Pecple™ nhsn.cdc.gov/VAECalculator/vaecalc.html
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H H NHSN Ventilator-Associated Event (VAE) Calculator Ver. 10.0
Developing a New, National Approach to

Surveillance for Ventilator-Associated Events* e T e . oo
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Strong Association between Fluid Balance and VAEs

Cumulative fluid balance amongst 1,528 VAE patients matched to 3,038 non-VAE patients on basis of age, time to VAE,
and time from ICU admission until initiation of mechanical ventilation, West China Hospital, 2015-2018.
Adjusted for demographics, ICU type, comorbidities, ICU diagnosis, APACHE Il, meds, procedures, and others.
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Wang, Critical Care Medicine 2022;50:307-316
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Characteristics of Hospital-Onset Bacteremia Patients

Cross-sectional analysis of 2109 hospital-onset bacteremia, 13 US hospitals, 2016-2019

o Median age: 56 Sources for hospital-onset bacteremia

o ICU: 32% and fungemia events with non-
o Active malignancy: 22% commensal organisms (n=1789)
o Any device present: 92% Gastr i

Endovascular E——
No source identified E———
o Median hospital length-of-stay
o 24 days

Respiratory tract
Urinary
Skin and soft tissue infection  m——
Surgical site infection  m—m
H g Bone and joint -
N HOSpItal mortallty 23% Possible contaminant .
Other source mm
Central nervous system ®

o 40% of events not captured through
existing surveillance definitions

Reproductive 1

0% 10% 20% 30% 40%

Leekha, BMJ Quality Safety 2024:33:487-498
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Hospital Onset Bacteremia (HOB)

Hospital-Onset Bacteremia

in 80 ICUs o Prospective surveillance for hospital-onset

1007 _ bacteremia in 80 ICUs in 16 hospitals from
2012-2013
o 11,280 episodes of hospital-onset bacteremia

5% o Only 663 were classified as CLABSIs (6%)

0% »CL':“’BSI o HOB allowed for much more discrimination
between ICUs versus using CLABSI rates
o 75% of ICUs’ CLABSI SIRs included 1 versus

%9 25% of ICUs’ projected HOB SIRs

% . wetgng.,fZOSls!

Rock, ICHE 2016;37:143-148
Dante, /CHE 2019;40:358-361
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Estimated Preventability of Hospital Onset Bacteremia Events
Cross-sectional analysis of 2109 hospital-onset bacteremia, 13 US hospitals, 2016-2019
700
~35% of all HOBs deemed potentially preventable
€00
500
400
300
200
100
0
Definitive Moderately | ikely More likely Less likely Moderately likely not Defiritive n ot
preventa ble to be preventable  preventable thannot preventa bie to be preventable preventa ble
Leekha, BMJ Quality Safety 2024;33:487-498
28
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o Pilot surveillance strategy using EHR data
including vital signs, oxygen devices, oxygen flow
rates, lab tests, antibiotics...

o Flags patients on hospital day =3 with:

o Sustained deterioration in oxygenation, and

Abnormal temperature or WBC count, and

Order for chest imaging, and

o 23 days of new antibiotics

o

o

o Applied to 2 years of data from 4 hospitals
(489,519 admissions)
o 0.6 events per 100 hospitalizations
o 28% mortality
o Moderate correlation with clinical dx and PNEU

Ji, JAMA Network Open 2019;2(10):e1913674
Ramirez Battle, ICHE 2020;41:219-221

The Challenge of NV-HAP Diagnosis & Surveillance

Imaging

New or progressive
and persistent

Infiltrate
or
Consolidation
or
Cavitation

Systemic Signs
Fever >38.0°C
WBC <4K or >12K

Altered mental
status

Pulmonary Signs

New onset purulent
sputum, change in
character of sputum,
increased secretions

New onset or worsening
cough, dyspnea, or
tachypnea

Rales of bronchial breath
sounds

Worsening gas exchange,
increased oxygen
requirement

29

30
Interobserver Agreement on PNEU Definitions
50 ventilated patients with respiratory deterioration
IP1 IP 2
(11 VAPs) (20 VAPs)
[ ——
IP3 Kappa = 0.40
(15 VAPs)
Am J Infect Control 2010:38:237
32



Accuracy of Diagnosis Codes

4,451 patients with pneumonia diagnosis codes, not present-on-admission, 21 hospitals

Only 309, of cases
i i) (@ met CDC criteria
I for pneumonia!

Met CDC
criteria

Baker, Am J Infection Control 2018;46:2-7

11/11/24
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Coding for Pneumonia is in Flux

0.204

Pneumococcal Infections

0.154

0.104

e Ee—-

Hospitalizations per 1000 Population

2003 2004 2005 2006 2007 2008 2009
Year

Lindenauer, JAMA 2012;307:1405-1413

@ Coding for pneumonia

0.05] _a——"* Coding for sepsis

ok [OpEenN.
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Original Investigation | Infectious Diseases

Development and Assessment of Objective Surveillance Definitions

NV-HAP Electronic Surveillance Definition

for Nonventilator Hospital-Acquired Pneumonia

Wenjing Ji, PhD; Caroline McKenna, MPH: Alleen Ochoa, MPH; Halyan Ramirez Batlle, MD; Jessica Young, PhD: Zilu Zhang, MS; Chanu Rhee,

Erica s. Shenoy, MD, PhD; David Hooper, MD: Michael Klompas, MD, MPH; for the CDC Prevention Epicenters Program

MD, MPH; Roger Clark, DO;

Q%Tﬁ

23 days of

Abstract

IMPORTANCE Hospital-acquired pneumonia is the most common health care-associated infection
in the United States. Most cases occur in nonventilated patients, but many hospitals track hospital-
acquired pneumonia only in ventilated patients because of the complexity and subjectivity of

Key Points

Question Is it possible to conduct
operational surveillance using the
clinical data routinely recorded in
electronic health records to identify

Worsening Fever or Performam:fe of
Oxygenation Leukocytosis Chest Imaging

conducting surveillance for large numbers of nonventilated patients.

OBJECTIVE Tc
definitions for
stored in electronic health record systems.

nonventilated adults with hospital-

\d assess po ly objective, efficient, and e

Findings In this cohort study of 310 651
patients with 489 519 admissions, an
electronic surveillance definition based

hospital-acquired lia (NV-HAP) using routine clinical data

DESIGN, SETTING, AND PARTICIPANTS This cohort study was conducted in 2 tertiary referral and on worsening oxygenation, at least 3

oxygen, or escalation of
supplemental oxygen

Drop in Sp0O2 to <95% WBC <4 or >12 Chest X-ray
on room air, initiation or or
of supplemental Temp <36° or >38° C CT Scan

New = not given in
previous 2 days; can
be different
antibiotics for each
day so long as each
one is new

36



Correlation with “True” Pneumonia per Reviewer

Chart review exercise to assess correlation between the electronic NV-HAP surveillance definition vs “truth” (N=120)

Electronic “True” CDC PNU “True”
sensitivity 71% sensitivity 61%
positive predictive value 48%, positive predictive value 59%
kappa 0.40 kappa 0.47

Ramirez Batlle, ICHE 2020;41:219-221
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NV-HAP Incidence and Characteristics

Facilty

o Electronic NV-HAP criteria applied to 284 US
hospitals, 2015-2020

o Median 0.55 NV-HAP events per 100 admissions
o 75% of cases in non-ICU settings

o Crude mortality 22.4%

o Median length-of-stay 16 days (IQR 11-26)

o 250 charts reviewed for accuracy: pneumonia
confirmed in 81%

Jones, JAMA Network Open 2023;6(5):e2314185

05 is
Incidence of NV-HAP per 100 hospitalizations

What if we could eliminate NV-HAP?
H
Analysis of 6.02 million admissions to 284 US hospitals. Modeled impact of eliminating NV-HAP accounting for
hospital factors and patients’ demographics, comorbidities, service, daily vital signs, & daily laboratory test results
1%
£ 0.020+ P
“g Currentcare - Ellmmatmg
a _ — NV-HAP
ﬁ Eliminate NV-HAP
E 00151 would reduce
(%]
e}
° overall
G hospital
® 0.010 )
E mortality
3 by ~7.3%
£ 0.0054 /
© /
=
=)
K
=
E 01— . T T J
8 3 15 30 45 60
Time from admission, d
Jones, JAMA Network Open 2023;6(5):62314185

NV-HAP Trends with Codes vs Electronic Clinical Criteria
Trends in NV-HAP rates detected with diagnosis codes vs electronic clinical criteria, 17 VA hospitals, 2015-2019
1 NV-HAP Definition

» a -&- Diagnostic Coding
& 1.0% . Electronic Clinical
e Criteria
©
N
‘_(! 4
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@
o
T 0.5% e T
- L J
c
@
=
I} 4
o

0.0% 4

2016 2017 2018 2019 2020
Admission Date
Jones 2024, unpublished data

10



language models
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Large Language Models for CAUTI Surveillance
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Infection Control & Hospital Epidemiology (2024), 45, 96-99
doi10.1017/ice.2023.189

0 SHEA
Concise Communication

Application of OpenAl GPT-4 for the retrospective detection
of catheter-associated urinary tract infections in a fictitious
and curated patient data set

Jasmin Perret MSc® and Adrian Schmid MD?

Infectious Diseases and Hospital Epidemiology, Department of General Internal Medicine, Cantonal Hospital Winterthur, Winterthur, Switzerland

Abstract

The use of the OpenAl GPT-4 model in detecting catheter-associated urinary tract infection (CAUTI) cases in small fictitious and curated
patient data sets was investigated. Final analysis of 50 patients including 11 CAUTI cases yielded sensitivity, specificity and positive and
negative predictive values of 91%, 92%, 83%, and 96%, respectively.

(Received 4 May 2023; accepted 12 July 2023; electronically published 7 September 2023)

42

o Researchers in Switzerland created two fictitious sets of patients to feed
to GPT-4. Case descriptions brief due to token limits (max 8,192)

o Dataset 1 (structured data only, 79 patients)
o GPT identified 6 CAUTIs (sensitivity 80%, positive predictive value 67%)

o 4 confirmed
o 2 false positives (one had 3 species in the urine, one did not meet all criteria in infection window)
o 1 false negative (catheter removed day before infection)

o Performance improved with training on the same patients

o Dataset 2 (structured data + symptoms, 50 patients)
o GPT identified 12 CAUTIs

o 10 confirmed
o 2 false positives (catheter only present one day, not all infection criteria in infection window)
o 1 false negative (catheter removed the day before infection)

Perret, ICHE 2024;45:96-99
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Infection Control & Hospital Epidemiology (2024), 1-4
d0i:10.1017/ice 2024.164

) SHEA
Concise Communication

Performance of a large language model for identifying central line-
associated bloodstream infections (CLABSI) using real clinical notes

Guillermo Rodriguez-Nava MD* @, Goar Egoryan MD? @, Katherine E. Goodman PhD, JD**
Daniel J. Morgan MD, MS*® and Jorge L. Salinas MD*

IDivision of Infectious Diseases & Geographic Medicine, Department of Medicine, Stanford University School of Medicine, Stanford, CA, USA, 2Division of
Oncology, Department of Medicine, Stanford University School of Medicine, Stanford, CA, USA, *Department of Epidemiology and Public Health, University of
Maryland School of Medicine, Baltimore, MD, USA, *University of Maryland Institute for Health Computing, Bethesda, MD, USA and VA Maryland Healthcare
System, Baltimore, MD, USA

Abstract

We evaluated one of the first secure large language models approved for protected health information, for identifying central line-associated
bloodstream infections (CLABSISs) using real clinical notes. Despite no pretraining, the model demonstrated rapid assessment and high
sensitivity for CLABSI identification. Performance would improve with access to more patient data.

(Received 7 June 2024; accepted 30 August 2024)

44
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Large language models for CLABSI surveillance

o

Pilot study in Stanford of CLABSI surveillance using GPT 4.0

40 patients already reviewed by IPs for possible CLABSI

o 20 with CLABSI, 20 without CLABSI

Provided GPT with just the index positive blood culture result & the last two
progress notes in the infection window period

GPT detected 16/20 CLABSIs and 7/20 non-CLABSIs

o Sensitivity 80%, Specificity 35%

o

o

o

Investigators attributed 11/17 incorrect classifications to missing information
elsewhere in the chart (i.e. not in the last 2 notes)

o e.g. BSI present on admission, another source for BSI, additional clinical signs, etc.

Providing this additional information to GPT improved performance

o Sensitivity 90%, Specificity 75%

o

o

Residual errors due to misclassification of commensals and mucosal barrier
injury organisms as pathogens, misclassification of CLABSI organism as
commensal, misattribution of BSI to pancreatitis.

o

Rodriguez-Nava, ICHE 2024;ePub; 10.1017/ice.2024.164

@E]M NEJM Al 2024;1(11)
Al

DOI: 10.1056/Alcs2400420

(CASE STUDY
Large Language Models for More Efficient Reporting
of Hospital Quality Measures

Aaron Boussina ©, Ph.D,' Rishivardhan Krishnamoorthy ®, M.S.," Kimberly Quintero ©, RN., M.S.,? Shreyansh Joshi ©,
Gabriel Wardi ©, M.D.,"** Hayden Pour ®, M.S.," Nicholas Hilbert ®, R.N., M.S.N.,” Atul Malhotra @, M.D.,

Michael Hogarth @, M.D,' Amy M. Sitapati @, M.D.,' Chad VanDenBerg @, M.PH.? Karandeep Singh ©, M.D, M.M.Sc.®
Christopher A. Longhurst ®, M.D, M.S,* and Shamim Nemati ©, Ph.D."

Received: April 25, 2024; Revised: August 9, 2025; Accepted: August 16, 2024; Published: October 21, 2024

Abstract
Hospital quality measures are a vital component of  learning health system, yet they can
be costly to report, statistically underpowered, and inconsistent due to poor interrater reli-

ability. L (LLMs) p
on health care-related tasks and offer a promising way to provide accurate abstraction of
scale. i ployed an LLI that

ingests Fast Healthcare Interoperability Resources data and outputs a completed Severe
Sepsis and Septic Shock Management Bundle (SEP-1) abstraction. We tested the system
on a sample of 100 manual SEP-1 abstractions that University of California San Diego
Health reported to the Centers for Medicare & Medicaid Services in 2022. The LLM system
achieved agreement with manual abstractors on the measure category assignment in 90 of
the abstractions (90%; x=0.82; 95% confidence interval, 0.71 to 0.92). Expert review of
the 10 discordant cases identified four that were mistakes introduced by manual abstrac-
tion. This pilot study suggests that LLMs using interoperable electronic health record data
may perform accurate abstractions for complex quality measures. (Funded by the National

Institute of Allergy and Infectious Diseases [1R42A1177108-1] and others.)

45

CENTERS FOR MEDICARE & MEDICAID SERVICES

SEP-1 Mandatory Sepsis Bundle

47

46

SEP-1 Mandatory Sepsis Bundle

3 Hours

Measure lactate

Draw blood cultures

Administer broad spectrum antibiotics

Shock? 30cc/kg IV crystalloids

48
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Large language models for SEP-1 compliance
100 patients with sepsis discharge codes fed into LLM model for SEP-1 assessment, UCSD, 2022

No. (%) of Abstractions Where System
Answer Resulted in Agreement with
Manual Category Assignment

99/100 (99)

SEP-1 Question

Wias the patient received as a transfer from an inpatient,
outpatient, or emergency/observation department of an outside
hospital or from an ambulatory surgery center?}

During this hospital stay, was the patient enrolled in a clinical trial 100/100 (100)
in which patients with the same condition as the measure set were

being studied?t

Is there documentation the patient is at least 20 weeks pregnant or 100/100 (100)

within 3 days after delivery at the time severe sepsis is identified?*

98/100 (98)

Was severe sepsis presentt

When was the last criterion met to establish the presence of severe 97/100 (97)
sepsis?f

Is there documentation that the patient or authorized patient 100/100 (100)
advocate refused either a blood draw, IV fluid administration, or IV

antibiotic administration within the specified time frame?}

63 questions in all...

Boussina, NEJM Al 2024; ROL 10.1056/A1cs2400420

Large language models for SEP-1 compliance
100 patients with sepsis discharge codes fed into LLM model for SEP-1 assessment, UCSD, 2022

B Manual Abstraction ~ OLLM Abstraction

70

Table 3. Physician Review of Discrepant Cases.*

Root Cause of Disagreement Number of Cases Physician Adjudication

The patient had chronic kidney disease with a creatinine baseline of (2-3) mg/dL. 1 LLM system is more accurate

The system identified a creatinine value elevated >0.5 above baseline as evidence

of organ failure. The abstractor did not identify this as a sign of organ failure.

INR organ failure missed by abstractor.} 1 LLM system is more accurate

Difference in documentation of infection time. 2 LLM system is more accurate
1 Abstractor is more accurate

LLM is too sensitive to the presence of palliative care. 1 Abstractor is more accurate

LLM is too sensitive to an acceptable delay in blood cultures. 1 Abstractor is more accurate
3 Abstractor is more accurate

Missing data fields (e.g., arterial line blood pressure measurements)

Care Compliant

Care Non -Compliant

Boussina, NEJM Al 2024; DO 10.1096/A1cs2400420

., 1l

Exclud e from Measure

51
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Promising!

Can we also use sepsis as a surveillance
target to get a more complete picture of
serious infections in hospitals?

52
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GET AHEAD
or SEPSIS

KNOW THE RISKS. SPOT THE SIGNS. ACT FAST.

53

Sensitivity of Diagnosis Codes vs Clinical Criteria

193 U.S Hospitals
100%

80%
60% x
40% ‘
x x
X

20%

Sensitivity of Hospital-Level Claims

0
% Shock Codes

vs
Liver Function Tests  Vasopressor Use

Acute Kidney Injury  Thrombocytopenia
Codes vs Codes vs
Change in Creatinine Low Platelets

Hepatic Injury Codes
vs

Rhee, Crit Care Med 2019:47:493-500
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Sepsis Surveillance Methods Using Diagnosis Codes

Angus Method:

1286 infection codes, 13 organ dysfunction codes

Martin Method:

6 infection codes, 13 organ dysfunction codes

Dombrovskiy Method:

18 infection codes, 22 organ dysfunction codes

54
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Changes in Coding Thresholds

Count of Patients with Acute Kidney Injury Codes Mean Change in Creatinine
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Rhee et al, Critical Care 2015;19:338
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CDC to the rescue!

HOSPITAL
TO0LKIT

for Adult Sepsis Surveillance

|

o CDC created an EHR-based surveillance
definition for sepsis called “Adult Sepsis
Events”

o Uses detailed EHR-data to identify patients
with suspected infection + organ
dysfunction

o Implementation toolkit available that
describes the required data elements, how
to organize them, and provides analytic code
for event detection

cdc.gov/sepsis/clinicaltools

57

Estimated Burden of Sepsis, USA, 2014

Estimated US sepsis incidence & mortality using EHR data, 409 hospitals, 2.9 million encounters

Adjusted sepsis incidence

129 Implicit or explicit sepsis codes

Incidence, %
o
1

Clinical criteria without lactate level

T T T T T T
2009 2010 2011 2012 2013 2014

~1.7 million cases, 6.0% of hospital admissions
Rhee et al, JAMA 2017;318:1241-1249
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Clinical Criteria for Sepsis

Suspected Order for blood cultures -
Infection and
At least four days of new antibiotics If all criteria

are met on
hospital day

Concurrent Vasopressors >3 than

Organ or classify as

Dysfunction Initiation of mechanical ventilation y

or
Doubling in creatinine (exclude dialysis pts) Hospital-Onset
Adult Sepsis

or
Rise in bilirubin to 22.0mg/dL Event

or
Fall in platelets to <100 cells/pL

or
Serum lactate 22.0 mmol/L -

Rhee, JAMA 2017;318:1241-1249
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Hospital-Onset Adult Sepsis Events

We retrospectively applied Adult Sepsis Event criteria to EHR data from 136 U.S. hospitals, 2009-2015

—

83,620 community onset (87.9%)

2.2 million
hospitalizations

11,534 hospital onset (12.1%)

HO-ASE present in 0.5%

95,154 sepsis cases of all hospitalizations

(4.3% of hospitalizations)

59

Rhee Crit Care Med 2019;47:1169-1176
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Syndromes

Percent of Cases

m Hospital Onset Sepsis Events Commun ity Onset Sepsis Events

20%
15%
10%
% I
0%

Pneumonia Intra-abdominal Skin & soft tissue Positive blood

infection infection cultures

Other/unknown

Rhee Crit Care Med 2019;47:1169-1176
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HO-ASE vs Current Reportable Conditions

Retrospectively applied HO-ASE criteria to EHR data from 282,441 hospitalizations in 3 hospitals and

compared case counts, overlap, and mortality for CLABSI, CAUTI, C. difficile, MRSA bacteremia, and SSI
2500

2000

Count of Cases

) I
[ | [ | m -
0

HO-ASE CLABSI CAUTI SSI  HO-MRSA bacteremia HO-CDI

Page, Clin Infect Dis 2021;73:1013-1019
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How does
Hospital-Onset Adult Sepsis Event
surveillance compare to current
surveillance targets?

62
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HO-ASE vs Current Reportable Conditions

Retrospectively applied HO-ASE criteria to EHR data from 282,441 hospitalizations in 3 hospitals and
compared case counts, overlap, and mortality for CLABSI, CAUTI, C. difficile, MRSA bacteremia, and SSI
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Page, Clin Infect Dis 2021;73:1013-1019
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HO-ASE vs Current Reportable Conditions

11/11/24

Retrospectively applied HO-ASE criteria to EHR data from 282,441 hospitalizations in 3 hospitals and
compared case counts, overlap, and mortality for CLABSI, CAUTI, C. difficile, MRSA bacteremia, and SSI

HO-ASE
identified a
large number
of high
mortality
hospital-onset
infections
missed by
curvent
reportables

Page, Clin Infect Dis 2021;73:1013-1019

Distribution of Infections Identified by HO-ASE

Retrospectively applied HO-ASE criteria to EHR data from 282,441 hospitalizations in 3 hospitals and
compared case counts, overlap, and mortality for CLABSI, CAUTI, C. difficile, MRSA bacteremia, and SSI

]

Intra-abcb irfection

Febrile neutropenia

Urinary tractinfection CAUTI
Skin & soft tis sue infection
Cdifficile
Other
0 10 20 30 40 50

Page, Clin Infect Dis 2021;73:1013-1019
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Summary

o Our current surveillance strategy was developed before electronic clinical
data became ubiquitous
o Focuses on relatively few infections, uses clinically nuanced definitions, requires
manual chart review
o Mandatory reporting requirements have intensified our limited focus
Our current approach is labor intensive yet subjective — undermines benchmarking
o We are missing many high stakes hospital-acquired infections

o

o Promising new surveillance strategies emerging (HOB, NV-HAP, HO-ASE)
o Use detailed electronic health record data rather than discharge codes or chart reviews
o Can be efficiently applied to large populations
o Makes surveillance objective and reproducible

o Increases the number and breadth of nosocomial infections under surveillance
(ICU and non-ICU, device and non-device)
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Proportion of Reportables that Qualified as Sepsis
Retrospectively applied HO-ASE criteria to EHR data from 282,441 hospitalizations in 3 hospitals and
compared case counts, overlap, and mortality for CLABSI, CAUTI, C. difficile, MRSA bacteremia, and SSI
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Page, Clin Infect Dis 2021;73:1013-1019
67

68

17



Clean hands protect ourpatients.

Always perform hand hygiene
and help, others do the same.

BRIGHAM HEALTH
wH | BRIGHAMAND
&)/ WOMEN'S HOSRIIAL

mklompa@bwh.harvard.edL

11/11/24
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