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Outline

Highlight major gaps in
knowledge that prevent the

|dentify the evidence-based
interventions that may benefit from
machine learning (ML) algorithms

adoption of ML algorithms to
support ASP interventions

Discuss several examples of
ML applications in support of
ASP interventions




Antimicrobial stewardship

* Antimicrobial stewardship is complex and hard!

 Must navigate fuzzy science, entrenched behaviors, backwards financial
Incentives

* Relies fundamentally on the collaboration between stewardship leaders and
clinical teams

How can ML algorithms

support that collaboration?




Core elements

CDC, Core Elements of Hospital Antibiotic Stewardship Programs



https://www.cdc.gov/antibiotic-use/core-elements/hospital.html

Core elements

Tracking

* Reporting

Most likely to benefit

from ML due to reliance
on observational data

CDC, Core Elements of Hospital Antibiotic Stewardship Programs



https://www.cdc.gov/antibiotic-use/core-elements/hospital.html

Action

Initiation Continuation

Antibiotic treatment regimen
Preauthorization
Prospective audit and feedback
(aka post-prescription review)
Diagnostic support
Facility specific treatment guidelines

*Incomplete list
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Antibiotic treatment regimen

Preauthorization
Prospective audit and feedback
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Tracking

Days of therapy

Antibiotic use measures Standardized Antimicrobial Administration Ratio (SAAR)

C. difficile infections

Outcome measures « Antibiotic resistance
Financial impact

Acceptance of feedback

Process measures - Rates of preauthorization / time to appropriate therapy
Adherence to facility specific guidelines

*Incomplete list



Tracking
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Acceptance of feedback
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*Incomplete list



Modeling goals

Prediction

P(Ye A|X = x)

Learns patterns in training data to make
predictions on unseen ‘test’ data*

Diagnostic support
Audit & Feedback
SAAR

Causal inference

P(Y € A|set X = x)

Asks what happens to an outcome as a
result of a treatment or intervention*

Hospital treatment guidelines
C. difficile rates
Antibiotic resistance rates

* Highly simplified!



Diagnostic support

Identifying the presence of infection

* Determining the correct syndrome is a critical but challenging first step in
antimicrobial stewardship

Antibiotic

History and responsive

physical
Microbiology
Antibiotic non-
Syndrome .
responsive

Decision 1: Does my

patient have an infection
that requires antibiotics?

Laboratories

AHRQ, Four moments of Antibiotic Decision Making



https://www.ahrq.gov/antibiotic-use/acute-care/four-moments/index.html

Diagnostic support

Identifying the presence of infection

Very few peer-reviewed published papers have
attempted to differentiate, non-infectious and
non-antibiotic responsive infections from
treatable bacterial infections using EHR data

Decision 1: Does my
patient have an infection

that requires antibiotics?

Obtaining high quality labelled data
iIdentifying ‘antibiotic-responsive infection’ is
challenging

AHRQ, Four moments of Antibiotic Decision Making



https://www.ahrq.gov/antibiotic-use/acute-care/four-moments/index.html

Diagnostic support

Identifying the presence of infection

Decision 1: Does my patient have an infection that requires antibiotics?

PLOS DIGITAL HEALTH Journal of
Antimicrobial
Can the application of machine learning to Chemotherapy
electronic health records guide antibiotic . . , . . .
orescribing decisions for suspected urinary Supervised mas:hme !ear.nmg to support the diagnosis of bacterial
infection in the context of COVID-19

tract infection in the Emergency Department?
Rawson, J Antimicrob Chemother, 2019

l

Used EHR data to predict positive bacterial

Rockenschaub, PLoS Digital Health, 2023

Used EHR data to predict bacteriuria but
not asymptomatic bacteriuria

cultures as proxy for infection but does not
account for colonization or contamination

AHRQ, Four moments of Antibiotic Decision Making



https://www.ahrq.gov/antibiotic-use/acute-care/four-moments/index.html
https://journals.plos.org/digitalhealth/article?id=10.1371/journal.pdig.0000261
https://academic.oup.com/jac/article/74/4/1108/5258037

Diagnostic support

Initiation of empiric therapy

Decision 2: What empiric therapy should | initiate?

Time of year
Environmental exposures
Healthcare exposures
Prior infection history
Host immune status

Determine the Estimate the likely Estimate antibiotic Choose empiric
infectious syndrome pathogen(s) susceptibility treatment

Signs and symptoms
Laboratory values

Host allergies
Renal / liver function

Side effect profile
Clinical efficacy

| ocal antibiotic resistance

Prior susceptibility profiles

Imaging studies Prior antibiotic exposures

Histopathology

AHRQ, Four moments of Antibiotic Decision Making



https://www.ahrq.gov/antibiotic-use/acute-care/four-moments/index.html

Diagnostic support

Initiation of empiric therapy

Decision 2: What empiric therapy should | initiate?

Patient
Antimicrobial stewardship must
balance the tension between the

interests of the patient and the
interest of the population

Spectrum

OPTIMAL
DECISION

Populatlon
o0

|

AHRQ, Four moments of Antibiotic Decision Making



https://www.ahrq.gov/antibiotic-use/acute-care/four-moments/index.html

Diagnostic support

Initiation of empiric therapy

 We looked at converting probabilities to decisions and found we could
optimize the population <« patient conflict

SCIENCE TRANSLATIONAL MEDICINE

AVIRIT.Y,

A decision algorithm to promote outpatient
antimicrobial stewardship for uncomplicated

urinary tract infection REDUCTION IN USE OF REDUCTION IN
anjiel. S Trans Med, 2020 BROAD SPECTRUM INAPPROPRIATE
ANTIBIOTICS ANTIBIOTIC THERAPY



https://www.science.org/doi/10.1126/scitranslmed.aay5067

Diagnostic support

Initiation of empiric therapy

Train models

Estimate probability
of nonsusceptibility

Nitrofurantoin

TMP-SMX

Ciprofloxacin

Levofloxacin

Logistic regression
Training
2007-2013
Decision tree
Test
2014-2016 Random forest
Set false

susceptibility rate

False susceptible

Repeat for
each antibiotic

Kanjilal, Sci Trans Med, 2020

Set phenotypes and
choose treatment

Calculate
primary outcomes

) TMP-

3 / 7 NIT g CIP LVX

a / 1 8 N s s .

@ % IAT | % CIP/LVX
3| | ~ 2 NS () s s ° °

al / 7 3 () s s s

2 Y e 4 NS NS NS NS A 5% 68%
= / y 5 NS NS S

Select model for each antibiotic

True susceptible

(— Logistic regression)

—— Decision tree
—— Random forest

False susceptible

Repeat for range of

True susceptible

thresholds

C?@@

False susceptible

Repeat for
each antibiotic

Choose optimal
threshold set

% IAT | % CIP/LVX

Clinician ~ 10% 42%

® 5% 68%

8% 29%
[@ 10% 23%)

© 12% 10%

AT

0
OPTIMAL
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Spectrum
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https://www.science.org/doi/10.1126/scitranslmed.aay5067

Tracking

Standardized Antimicrobial Administration Ratio (SAAR)

 The SAAR is a benchmarking tool to help hospitals monitor their antibiotic
usage rates

 Depends heavily on facility-specific case mix

« NHSN uses 7 variables for adjustment

Ward type Teaching status

Patient characteristics not

Facility type % of beds that are ICU

directly accounted for

Number of beds ICU beds

Mean LOS



Tracking

Standardized Antimicrobial Administration Ratio (SAAR)

JAMA
Network ‘ Open
Development of a Machine Learning Model Using Electronic Health Record Data
to Identify Antibiotic Use Among Hospitalized Patients

Moehring, JAMA Network Open, 2021

 Models that used patient-level features had good
predictive power for overall antibiotic exposure
and days of therapy (AUC > 0.8)

» Sophisticated models had better performance

than simpler models \‘

E Adult encounters

Location

All
All
ICU
Medical wards

CDI
All
ICU
Medical wards

Community onset
All
ICU
Medical wards

Antifungal
All
ICU

Medical wards

Resistant gram-positive
All
ICU

Medical wards
Hospital onset
All

ICU
Medical wards

Narrow BL
All

ICU
Medical wards

0.5

0.6

0.7

AUC

0.8

0.9

1.0


https://jamanetwork.com/journals/jamanetworkopen/fullarticle/2777837

ACtion Limited in number

Facility-specific treatment guidelines rieterogeneity in treatment effects

. . g T Varying ability to control for
* Development of facility-specific antibiotic use Comofndinggnd selection bias

policies relies on integrating

 Research literature
Difficult to generalize to clinical

 Randomized controlled trials settings

 Observational studies e Highly biased

. . e Subjective interpretation
* Pre-clinical studies

 Cumulative antibiogram data e Highly variable

: . / * Occasionally irrational
* | ocal case mix & practice patterns



Action

Facility-specific treatment guidelines

* There is intense interest in leveraging EHR data to understand the impact of
treatments or interventions on outcomes

 But there are many limitations

Data Study design

Observation bias Selection bias

Non-random missingness Immortal time bias
Noisy Confounding by indication




Action

Facility-specific treatment guidelines

 Many methodologic advances in the past
15 years to improve analysis of
observational data for causal inference

Target trial emulation

Hernan, Am J Epi, 2016

* Design a hypothetical trial that answers
the clinical question of interest

* Apply parameters to observational
dataset

Components

Eligibility criteria
Treatment strategies
Assignment procedures
Follow-up period
Outcome
Causal contrast

Analysis plan


https://academic.oup.com/aje/article/183/8/758/1739860

AC-t.lOn . _ _ Highly simplified workflow
Facility-specific treatment guidelines ] ——
Model expected

outcomes

 Many methodologic advances in the past
15 years to improve analysis of

. . Estimate propensity for
observational data for causal inference Prop y

treatment

DOUb'YRO:?Enljg: 2T4eth°d5 Update initial expected
S outcome model

* JTargeted maximum likelihood estimation
. Compute average
* Specities 2 ML models treatment effect (ATE)

* Propensity for treatment Only one of these needs to be
consistent to have a Calculate error bounds
e Outcome consistent estimator


https://academic.oup.com/aje/article/179/6/663/107852

Re-evaluation of guidelines for UTI

* Things have changed since the IDSA
JAMA released their guidelines for treatment
Network pen of uncomplicated UTI in 2011
 We looked at a large claims database

Use of Machine Learning to Assess the formatted into the OMOP common
Management of Uncomplicated Urinary data model to see whether the

Tract Infection recommendations still hold

Jones, JAMA Network Open, forthcoming

» Used target trial emulation®™ combined
with ML to adjust for confounding by
indication and informative censoring

*with some minor deviations



Re-evaluation of guidelines for UTI

UTI diagnosis Efficacy outcomes
Time-windowed features Recurrence of UTI

e Comorbidities e Prior corticosteroids Inpatient a(.jr.nission fqr

e Prior antibiotics e Prior UTI diagnosis | pyelonephritis or sepsis |
| 1 1 | !

T—24 mo T—12 mo T—6 mo TO T7 d T15 d T30 d T9O d
S I N\ B N\ N N\ | | | N\ LS

| AN | N\ | N\ | | | | AN |

Static features

e First-line vs fluoroquinolones Diarrhea Acute kidney injury C difficile
* First-line vs B-lactams Dermatologic reaction infection

e Demographics
e Basic laboratory test results
e Practitioner specialty

e Year of prescription Treatment Adverse event outcomes
( Build treatment model )
P(T = 1]X)
Training data >
Cross- Z|7
I:I:l = validation 2 %?
—> ® —
1 - specificity
\ l
¢ tme
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" r.1M T PD=11X,T)
f ) 2. '
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T=1 ‘:I:l = validation > 2 m
J 3
1 - specificity * Other treatment consists of second line or alternative treatments
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| |
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To T*Xdays
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Jones, JAMA Network Open, forthcoming

Things have changed since the IDSA
released their guidelines for treatment
of uncomplicated UTI in 2011

We looked at a large claims database
formatted into the OMOP common
data model to see whether the
recommendations still hold

Used target trial emulation®™ combined
with ML to adjust for confounding by
indication and informative censoring

*with some minor deviations



Re-evaluation of guidelines for UTI

A | Revisits
Absolute risk difference,
Comparison % (95% Cl) |
Any "
First-line vs fluoroquinolones  -1.78 (-2.37 to -1.06) —— ® —
First-line vs B-lactams -6.40 (-10.14 to -3.24) l 1 St Ilr:]e treatments perfOrmed We” VS
om | 2nd-line treatments and better than
First-line vs fluoroquinolones  -1.52 (-2.18 to -0.88) ——

First-line vs B-lactams -5.83(-9.22 t0-2.31) O alternatlves (COde for B—IaCtamS) Wlth

Pyelonephritis

First-line vs fluoroquinolones  -0.49 (-0.60 to -0.37) = respeCt to primary OUtCOmeS (ie

First-line vs B-lactams -1.28 (-2.26 t0 -0.52) —

s | revisit within a month)
First-line vs fluoroquinolones  -0.43 (-0.57 to -0.30) —
First-line vs B-lactams -2.20(-3.81t0 -0.79) o
12 -10 -8 6 4 2 0 2

Absolute risk difference, % (95% Cl)

Jones, JAMA Network Open, forthcoming



Re-evaluation of guidelines for UTI

B | Treatment-related adverse eve

nts

Absolute risk difference,

% (95% CI)

First-line vs fluoroquinolones
First-line vs B-lactams

First-line vs fluoroquinolones
First-line vs B-lactams

First-line vs fluoroquinolones
First-line vs B-lactams

First-line vs fluoroquinolones
First-line vs B-lactams

First-line vs fluoroquinolones
First-line vs B-lactams

Jones, JAMA Network Open, forthcoming

-0.60 (-0.93t0-0.32)
-3.50 (-5.92t0-1.24)

0.38 (0.25t00.53)
0.30(-0.42t00.91)

-0.35(-0.52t0-0.18)
-2.68 (-4.14t0-1.08)

-0.15(-0.27 t0 0.00)
-0.54 (-1.40t00.18)

0.04 (-0.03 t0 0.10)
-0.04 (-0.46t00.37)

"

-6

-5

4 3 2 1
Absolute risk difference, % (95% Cl)

1

 Adverse event (AE) rates were the
same, If not slightly better, for first-
line antibiotics vs second-line

e 1st-lines better than alternative
treatments due ! risk of AKI

* [he one exception is a slight increase
In skin-related AEs (ie rash)



Re-evaluation of guidelines for UTI

S—— - . » Sensitivity analysis compared models
e L . 1N derived using domain-expert
g | knowledge to an automated feature
T e —1 extraction package (OMOP-learn)
» Results were similar!

Absolute risk difference (%)

Jones, JAMA Network Open, forthcoming


https://clinicalml.github.io/omop-learn/

Future research agenda

Improving models
e Build multi center datasets

Preparing for deployment
e Build data pipelines for continuous model
training

e Natural language processing
e Overcome existing and emerging
technical challenges

e Infrastructure for model oversight
e Implementation science to optimize
delivery of information to ASP leadership

and end users
Large language models for
Improved risk stratification
Human-Al interaction studies
Data shift P tie trial
Algorithmic fairness ragmatic tnass

Federated learning & Feed-forward loops EHR-agnostic decision ] o to def
common data models support tools e_arnlng_ O _e =
Risk calibration



https://www.nature.com/articles/s41586-023-06291-2
https://www.nature.com/articles/s41586-023-06291-2
https://www.nature.com/articles/s41746-020-00323-1
https://www.ohdsi.org/data-standardization/
https://www.nejm.org/doi/10.1056/NEJMc2104626
https://www.nature.com/articles/s42256-021-00373-4
https://www.acpjournals.org/doi/10.7326/M23-0949
https://www.nature.com/articles/s41746-022-00597-7
https://cds-hooks.org/
https://cds-hooks.org/
https://arxiv.org/abs/2006.01862
https://arxiv.org/abs/2202.05983
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