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Abstract
Objective: To derive and validate a model for risk of resistance to first-line community-acquired pneumonia (CAP) therapy.
Design: We developed a logistic regression prediction model from a large multihospital discharge database and validated it versus the Drug

Resistance in Pneumonia (DRIP) score in a holdout sample and another hospital system outside that database. Resistance to first-line CAP
therapy (quinolone or third generation cephalosporin plus macrolide) was based on blood or respiratory cultures.

Setting: This study was conducted using data from 177 Premier Healthcare database hospitals and 11 Cleveland Clinic hospitals.
Participants: Adults hospitalized for CAP.
Exposure: Risk factors for resistant infection.

Results: Among 138,762 eligible patients in the Premier database, 12,181 (8.8%) had positive cultures and 5,200 (3.8%) had organisms resistant
to CAP therapy. Infection with a resistant organism in the previous year was the strongest predictor of resistance; markers of acute illness
(eg, receipt of mechanical ventilation or vasopressors) and chronic illness (eg, pressure ulcer, paralysis) were also associated with resistant
infections. Our model outperformed the DRIP score with a C-statistic of 0.71 versus 0.63 for the DRIP score (P < .001) in the Premier holdout
sample, and 0.65 versus 0.58 (P < .001) in Cleveland Clinic hospitals. Clinicians at Premier facilities used broad-spectrum antibiotics for
20%-30% of patients. In discriminating between patients with and without resistant infections, physician judgment slightly outperformed
the DRIP instrument but not our model.

Conclusions: Our model predicting infection with a resistant pathogen outperformed both the DRIP score and physician practice in an
external validation set. Its integration into practice could reduce unnecessary use of broad-spectrum antibiotics.

(Received 8 June 2022; accepted 21 August 2022; electronically published 29 September 2022)

The 2019 American Thoracic Society/Infectious Diseases Society
of America (ATS/IDSA) guideline for management of patients
with community-acquired pneumonia (CAP) recommends treat-
ing hospitalized adults empirically with a respiratory quinolone or
a B-lactam plus macrolide.! However, in 2%-4% of patients, the
infecting pathogen demonstrates resistance to these antibiotics.>*
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The challenge for clinicians is to predict (without benefit of culture
results) which patients are likely to harbor resistant organisms and
require empiric broad-spectrum agents, while simultaneously
avoiding overutilizing these antibiotics. Several models have been
developed to aid in this prediction, but they were validated on small
samples or not at all.*'° The best studied is the Drug Resistance in
Pneumonia (DRIP) score,® whose creators noted that their findings
required confirmation in a larger cohort. Indeed, in a small valida-
tion study, the DRIP score was inferior to clinical judgment.'!
The ATS/IDSA guidelines recommend that hospitals derive
their own local risk factors for resistant organisms but acknowl-
edge that most hospitals will be unable to do this.! Alternatively,
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they recommend using broad-spectrum antibiotics for patients
with methicillin-resistant S. aureus (MRSA) or Pseudomonas
infection in the past year, or hospitalization with intravenous anti-
biotics in the past 90 days (the “2-factor rule”).

We sought to validate the DRIP score in a large sample, to create
and validate an improved risk assessment model, and to compare
our model and the DRIP score to both the prescribing behaviors of
physicians and the simplified 2-factor rule recommended by the
ATS/IDSA guidelines.!

Methods

In this retrospective cohort diagnostic study, we derived a CAP
antibiotic resistance model (CARM) to predict resistance to the
antibiotics recommended for empiric treatment of CAP. We
assessed its performance internally by repeated 10-fold cross val-
idation and in a random 20% holdout sample and an independent
data set. We then compared its performance to that of 2 previously
published approaches: (1) the DRIP score® and (2) the 2-factor rule
from the 2019 CAP guidelines. The study was approved by the
Cleveland Clinic Institutional Review Board.

Derivation set

We derived the CARM using the Premier Healthcare Database
(Premier, Charlotte, NC), which is frequently used for research.!*!?
Premier hospitals are located throughout the United States. They
vary in size, and they include nonprofit and nongovernmental,
urban and rural, and community and academic medical centers
representing ~25% of US admissions.'* Data elements include
sociodemographic information, International Classification of
Diseases, Ninth Revision, Clinical Modification (ICD-9-CM)
diagnosis and procedure codes, hospital and physician informa-
tion, treatments received, source of admission, and discharge sta-
tus. A subset of hospitals also provides microbiology data,
including cultures, organisms, and antibiotic sensitivity testing.
We examined admissions between July 2010 and June 2015 to
any of the 177 hospitals providing such data of patients >18 years
old with a principal diagnosis of pneumonia; or with a secondary
diagnosis of pneumonia paired with a principal diagnosis of respi-
ratory failure, ARDS, respiratory arrest, or sepsis; and who had
blood or respiratory cultures collected on admission. We studied
all patients with CAP, but we excluded patients with hospital-
acquired (HAP) or ventilator-associated pneumonia (VAP)."”
Interhospital transfers and admissions with a diagnosis code for
an alternate site of infection (eg, cholecystitis) were also excluded.
For patients with multiple hospitalizations, we included 1 ran-
domly selected admission.

Predictor variables

We considered 43 candidate predictors of antibiotic resistance,
many of which have been shown to be associated with resistant
organisms: sociodemographics [ie, age, sex, race (White, Black,
or other)], HCAP factors (eg, admission from skilled nursing
facility, dialysis, immunosuppression); lifestyle factors (eg, alcohol
abuse, drug abuse, smoking); previous hospital and inpatient anti-
biotic exposures in the past year; 16 comorbidities; and severity of
disease indicators (ie, intensive care, invasive mechanical ventila-
tion, vasopressor, wound care, tube feeding) on the first hospital
day. Comorbidities were identified from ICD-9-CM secondary
diagnosis codes and diagnosis-related groups using Healthcare
Cost and Utilization Project Comorbidity version 3.1 software,
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based on the work of Elixhauser.!® Lifestyle factors were based
on ICD codes or billing for nicotine replacement therapy.

Outcome variable

The primary outcome was growth of a resistant organism from any
blood or respiratory source other than the nares. Cultures for
which an organism and antibiotic sensitivities were reported were
considered positive. We excluded probable contaminants (eg,
coagulase negative Staphylococcus) and organisms not known to
cause pneumonia (eg, Enterococcus spp). Resistance was deter-
mined by participating laboratories in accordance with clinical
microbiology laboratory standards.!” Any organism resistant to
either a quinolone or the combination of a third-generation cepha-
losporin and a macrolide was considered resistant to CAP therapy.
Patients whose cultures did not grow antimicrobial-resistant
organisms were considered negative for antimicrobial resistance,
including patients who grew no organisms and those who had
no sample via a particular route. For example, patients without res-
piratory cultures were assumed not to have a resistant organism in
the respiratory culture.

Validation sets

We validated the CARM in both a 20% random Premier holdout
sample and data from 10 northeastern Ohio hospitals and 1 Florida
Cleveland Clinic Health System (CCHS) hospital. The latter
included all adult patients discharged between 2017 and 2019, with
the same inclusion criteria as our Premier data set. Data elements
were derived using electronic chart review to match, as closely as
possible, the corresponding elements from the Premier database.
CCHS does not contribute to Premier, and some variable defini-
tions required adaptation. Hence, this secondary database pro-
vided the opportunity for a fully independent external validation.

Statistical analysis

We randomly split the Premier data into a “derivation set” consist-
ing of 80% of hospitalizations for model development, and a “val-
idation set” of the remaining 20%, used only to assess model
performance. In the derivation set, we used multiple logistic regres-
sion with successive backward elimination of variables, maximally
reducing the Akaike information criterion (AIC)'® until no addi-
tional removals reduced this statistic. The resulting model was fur-
ther simplified by removing variables that contributed little to
discrimination (as measured by the C-statistic) based on preva-
lence, odds ratio, and clinical and statistical judgment.'’

We used 20 repeats of 10-fold cross validation to estimate the
model C-statistic in the derivation set. We applied the CARM’s lin-
ear predictor and the DRIP score to both validation sets. In each
set, we plotted their receiver operating characteristic (ROC) and
cumulative gain curves (fraction of patients with resistant organ-
isms vs fraction of all patients flagged for resistance by the model),
then we plotted calibration by deciles. We superimposed recom-
mendations of the 2-factor rule and the actual care provided
(ie, proportion of patients who received broad-spectrum antibiot-
ics). In each set, we also examined slopes and intercepts of logistic
regressions of resistance on the CARM’s linear predictor, and we
compared the C-statistics of the CARM and DRIP score using the
test developed by Kang et al.?® SAS version 9.4 software (SAS
Institute, Cary, NC) was used for data management, and we used
R version 3.5 and version 4.0.0 software and SAS/STAT version
15.1 software for statistical analyses.
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171,709 Inpatients with principal present-on-admission (POA) diagnosis for Pneumonia (481-486,
507.0) OR Principal Diagnosis for Respiratory failure (518.81, 518.82, 518.84, 799.1), Sepsis (785.52,
790.7,995.91, 995.92, 038.x) with a secondary POA diagnosis of Pneumonia
- Chest x-ray or CT by hospital day 1
- Initial antibiotics for 3 consecutive days with the exception of dialysis patients (every other
day), patients with 2-day of LOS (2 days of antibiotics), or with 1-day LOS = 1 and died in
hospital (1 day of antibiotics)

Exclude patients sequentially (N = 19,994)

74 Ventilator-associated pneumonia diagnosis on admission

3,909 Tracheostomy supplies charged on hospital day 1

1,037 Secondary diagnosis of respiratory dependent status with invasive mechanical
ventilator charge on hospital day 1

1,459 Same bacteria in blood and urine

25 Persistent Streptococcus/Legionella pneumonia antigen

158 Staphylococcus aureus in blood and endocarditis diagnosis

2,350 Same pneumonia diagnosis in previous admission within the past year

3,714 Secondary diagnosis of cellulitis on admission

155 Secondary diagnosis of abscess or central line-associated bloodstream infection
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on admission

infection on admission

6,922 Secondary diagnosis of cholecystitis, appendicitis, diverticulitis, perforated
diverticulum, peritonitis, post-operative anastomotic leaks or abdominal surgical site

191 Different organism in blood, bronchial, sputum cultures

A,

151,715 patients remained in data set

A 4

138,940 patients had blood, bronchial, or sputum cultures collected by hospital day 1

)\ 178 patients for whom sensitivity to CAP therapy could not be determined.
—

( \

20% validation set
(N =27,749)

80% derivation set
(N=111,013)

Results

Of 151,715 adult patients with pneumonia who met enrollment
criteria in the Premier database, 138,762 (91.4%) had blood or res-
piratory cultures on admission and were included in the analysis
(Fig. 1). Of these 12,181 (8.8%) had a positive culture, and 5,200
(3.8%) had organisms resistant to CAP therapy. Table 1 compares
the demographics and comorbidities of patients with and without
resistant pathogens. Table 2 shows the CARM predictors,
odds ratios, and 95% confidence intervals, and Supplementary
Table 1 (online) shows their prevalence among CCHS patients,
where resistant organisms were found more than twice as often
(8.4% vs 3.8%), as in Premier patients. Infection with an organism
resistant to CAP therapy in the previous year was the strongest
predictor of resistance, and markers of acute illness (eg, need for
mechanical ventilation, vasopressors) and chronic illness (eg, pres-
sure ulcer, paralysis) also predicted resistant infections. Smoking
was inversely associated with resistance.

Both the CARM and the DRIP score performed better in the
Premier validation set than in the CCHS validation sample.
Their respective C-statistics in Premier were 0.71 for the CARM
versus 0.63 for the DRIP score (P < .001) (Fig. 2A), and in the
CCHS data, the C-statistics were 0.65 and 0.58, respectively
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Fig. 1. Flow chart-inclusion and exclusion
from cohort.

(P < .001) (Fig. 2B). Calibration plots for risk deciles of the
CARM are shown in Figure 3 and for the DRIP score in
Supplementary Figure 1 (online). Observed risk for the CARM
in the Premier data ranged from 1.38% in the lowest decile of pre-
dicted risk to 12.71% in the highest (Fig. 3A). However, in the
CCHS setting, the intercepts and slopes of both models were mis-
calibrated, as evident in the highest deciles in Figure 3B, where both
CARM and the DRIP score overpredicted. Supplementary Figure 2
(online) shows improvement, particularly for the CARM, after
recalibrating by adjusting the intercepts and slopes of the linear
predictors.

Figure 4 shows the cumulative gain curves for each validation
set, demonstrating the tradeoff between the use of broad-spectrum
antibiotics (on the x-axis) and fraction of patients with antimicro-
bial-resistant organisms adequately covered (on the y-axis). The
curves include different cutoffs for each model, as well as the 2-fac-
tor rule and the actual use of broad-spectrum antibiotics by clini-
cians. Smaller Premier hospitals used fewer broad-spectrum
antimicrobials than larger hospitals. Clinicians at Premier facilities
used broad-spectrum antibiotics for 20%-30% of patients, corre-
sponding to a DRIP score cutoff between 2 and 3 (Fig. 4A). At
any cutoff, CARM probability was superior to both physician per-
formance and the DRIP score, with physicians slightly
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Table 1. Comparison of Patients with and without Resistant Infections in the Derivation Set

Resistance to CAP Therapy, No. (%)?

Total Yes No
Factor (N=111,013) (N=4,127) (N=106,386)
Demographics
Age, mean y * SD 69.5+16.2 69.6+15.3 69.5+16.2
Sex
Female 56,640 (51.0) 1,822 (44.1) 54,818 (51.3)
Male 54,373 (49.0) 2,305 (55.9) 52,068 (48.7)
Race
White 85,654 (77.2) 3,147 (76.3) 82,507 (77.2)
Black 13,882 (12.5) 493 (11.9) 13,389 (12.5)
Other 11,477 (10.3) 487 (11.8) 10,990 (9.6)
Insurance payor
Medicare 79,738 (71.8) 3,089 (74.8) 76,649 (71.7)
Medicaid 9,650 (8.7) 444 (10.8) 9,206 (8.6)
Managed care 11,881 (10.7) 310 (7.5) 11,571 (10.8)
Commercial 3,451 (3.1) 107 (2.6) 3,344 (3.1)
Others 6,293 (5.7) 177 (4.3) 6,116 (5.7)
HCAP risk factors
Dialysis 4,982 (4.5) 233 (5.6) 4,749 (4.4)
Immunosuppressed 17,131 (15.4) 855 (20.7) 16,276 (15.2)
Admitted from SNF/ICF 8,323 (7.5) 482 (11.7) 7,841 (7.3)
Comorbidities
Diabetes 15,048 (13.6) 739 (17.9) 14,309 (13.4)
Congestive heart failure 29,913 (26.9) 1,193 (28.9) 28,720 (26.9)
Pulmonary circulation disease 8,437 (7.6) 359 (8.7) 8,078 (7.6)
Paralysis 5,277 (4.8) 397 (9.6) 4,880 (4.6)
Other neurological disorders 18,077 (16.3) 785 (19.0) 17,292 (16.2)
Chronic pulmonary disease 50,857 (45.8) 2,172 (52.6) 48,685 (45.5)
Renal failure 23,844 (21.5) 997 (24.2) 22,847 (21.4)
Liver disease 3,026 (2.7) 126 (3.1) 2,900 (2.7)
Lymphoma 525 (0.47) 34 (0.82) 491 (0.46)
Metastatic cancer 4,382 (3.9) 197 (4.8) 4,185 (3.9)
Solid tumor w/out metastasis 862 (0.78) 50 (1.2) 812 (0.76)
Rheumatoid arthritis/collagen vas 4,873 (4.4) 164 (4.0) 4,709 (4.4)
Obesity 14,435 (13.0) 500 (12.1) 13,935 (13.0)
Alcohol abuse 4,312 (3.9) 141 (3.4) 4,171 (3.9)
Drug abuse 3,565 (3.2) 160 (3.9) 3,405 (3.2)
Pressure ulcer 6,540 (5.9) 586 (14.2) 5,954 (5.6)
Chronic kidney disease 19,922 (17.9) 808 (19.6) 19,114 (17.9)
Smoker 20,404 (18.4) 631 (15.3) 19,773 (18.5)
Low functional status/weight loss 27,787 (25.0) 1,558 (37.8) 26,229 (24.5)
Dementia 15,473 (13.9) 568 (13.8) 14,905 (13.9)
Markers of illness severity
ICU 27,582 (24.8) 1,843 (44.7) 25,739 (24.1)
IMV 8,732 (7.9) 933 (22.6) 7,799 (7.3)

(Continued)
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Vasopressor 7,090 (6.4) 730 (17.7) 6,360 (6.0)
Wound care 2,462 (2.2) 214 (5.2) 2,248 (2.1)
Tube feeds 303 (0.27) 32 (0.78) 271 (0.25)
Past exposures

Wound care within 3 mo 821 (0.74) 101 (2.4) 720 (0.67)
ICU admission within 3 mo 2,600 (2.3) 229 (5.5) 2,371 (2.2)
Previous admission within 1y 14,831 (13.4) 995 (24.1) 13,836 (12.9)
Resistant to CAP within 1y 2,263 (2.0) 338 (8.2) 1,925 (1.8)
Fluoroquinolone within 1y 9,207 (8.3) 621 (15.0) 8,586 (8.0)
Beta-lactam antibiotic within 1y 11,888 (10.7) 844 (20.5) 11,044 (10.3)
Other MRSA agents within 1y 2,238 (2.0) 173 (4.2) 2,065 (1.9)
Antibiotics against MRSA within 1y 6,665 (6.0) 561 (13.6) 6,104 (5.7)
Macrolide within 1y 5,573 (5.0) 345 (8.4) 5,228 (4.9)
Aminoglycoside within 1y 766 (0.69) 95 (2.3) 671 (0.63)
Other antibiotics 1,629 (1.5) 143 (3.5) 1,486 (1.4)

Note. MRSA, methicillin-resistant Staphylococcus aureus; SNF/ICF, skilled nursing facility or intermediate care facility; ICU, intensive care unit; IMV, invasive mechanical ventilation.

2Units unless otherwise noted.

Table 2. Odds Ratios for Factors in the Cleveland Clinic Antibiotic Resistance
Model (CARM) for Resistance to Community-Acquired Pneumonia Therapy in
the Derivation Set

Resistant organism in previous year® 2.66 (2.3-3.08)
2.10 (1.91-2.3)
1.86 (1.68-2.05

Invasive mechanical ventilation (IMV)

Pressure ulcer

Vasopressor Administration 1.63 (1.47-1.80
1.58 (1.41-1.78

)
)
)
1.55 (1.43-1.67)
)
)
)

Paralysis

Admission to intensive care unit (ICU)

Low functional status/weight loss 1.44 (1.34-1.54

Hospital admission in previous year 1.43 (1.31-1.56

Admitted from skilled nursing or intermediate care
facility

1.34 (1.21-1.49

Chronic pulmonary disease 1.30 (1.22-1.39)
1.28 (1.21-1.37)

0.77 (0.71-0.85)

Male sex

Current tobacco smoker

Note. Cl, confidence interval.

2All factors are present at the time of admission. C-statistic = 0.70.

bResistant either to a third-generation cephalosporin, ampicillin, or ertapenem, and a
macrolide or to a fluoroquinolone.

outperforming the DRIP instrument. For example, using a DRIP
cutoff of >2 risk factors to initiate broad-spectrum antibiotics
would have covered 53.5% of resistant organisms but would have
required treating 34.1% of all patients with broad-spectrum anti-
biotics. Using a 4% threshold on the CARM, the same 53.5% cover-
age could have been obtained while treating only 25% of all
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patients. Using a DRIP cutoff of >4 would reduce the use of
broad-spectrum antibiotics substantially but would also leave
>80% of resistant infections uncovered. Using a predicted proba-
bility of >11.5% on the CARM could achieve the same coverage
while treating fewer patients.

In CCHS data, clinician performance again fell between that of
the DRIP score and the CARM, although considerably more
patients (57.3%) were treated with broad-spectrum antibiotics
because the population had more risk factors for resistance, reflect-
ing the more complex CCHS patient mix (Fig. 4B). The physicians’
prescribing of broad-spectrum antibiotics suggested a DRIP score
threshold of 2.

Discussion

From this large national sample of 177 hospitals admitting 138,948
patients with pneumonia, we developed a risk prediction model,
the CARM, that outperformed the DRIP score and the 2-factor
IDSA rule in both our holdout validation set and an independent
CCHS sample. Importantly, the CARM outperformed the physi-
cians’ actual antibiotic prescribing, which the DRIP score did
not, in both data sets. Infection with an antibiotic-resistant organ-
ism in the prior year was strongly predictive of current resistance.
Several markers of illness severity, including need for invasive
mechanical ventilation and vasopressors, and markers of chronic
illness such as presence of a pressure ulcer,?! were also important
predictors.

Our work builds on that of Webb et al,* who derived the DRIP
score from a cohort of 200 patients in a single geographic region
and validated it in 200 patients from 4 geographically distinct
tertiary-care hospitals. The DRIP score’s reported high C-statistic,
sensitivity, specificity, and positive and negative predictive values
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Fig. 2. Receiver operating characteristic curves for the CARM in the derivation (2A) and validation sets (2B).
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Fig. 3. Calibration plots for the CARM in the derivation (3A) and validation sets (3B).

were notable, but given the small sample sizes, required validation
within a larger cohort. Our findings confirm some associations in
the original study, but the DRIP score’s C-statistic dropped from
0.88 in the authors’ validation sample to 0.63 and 0.58 in our 2 val-
idation samples. This degree of degradation in model performance
is often seen when models are applied in other settings, which is
why external validation is so important. We developed a model
with better discrimination based on somewhat different variables,
which are also readily available to clinicians. Our study’s strengths
include the large sample size, nationally representative data, and
multiple data elements examined. We improved on previous
attempts to derive such models, the limitations of which are nicely
summarized by Webb et al.??

Our analysis differs from the original DRIP score derivation
and validation in 2 important ways. First, Webb et al enrolled only
patients with positive cultures to derive predictions for the risk of
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antibiotic resistance. Clinically, however, the score is applied to
patients before culture results are known, even though a sizable
majority will have negative cultures. In contrast, the new model
predicts the combined outcome of a positive culture and an anti-
microbial-resistant organism among all comers, congruent with
the clinical situation faced by clinicians. As a result, most patients
have low predicted risks of antimicrobial-resistant infection; only
~1-in-10 has a predicted risk exceeding 10%. In our CCHS external
validation sample, both the CARM and DRIP score overestimated
absolute risk among high-risk patients, but the DRIP score over-
estimated it by somewhat more.

Second, we tested our model against physicians’ actual pre-
scribing. The purpose of clinical prediction models is to improve
on clinical judgment. In the case of antimicrobial resistance,
models should help to increase the percentage of patients with
resistant organisms who receive adequate coverage, while
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(B) Resistant to Any CAP Therapy
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Fig. 4. Cumulative gain curves for the CARM, DRIP score and 2-factor rule in the derivation (4A) and validation sets (4B). Utilization of broad-spectrum antibiotics for patients with
antimicrobial-resistant organisms versus all patients: the % of patients with resistant organisms is on the Y axis, the % of patients receiving broad-spectrum antibiotics is on the
X axis, showing the tradeoffs between these 2 factors. The blue line shows the tradeoffs using different thresholds of the CARM, the red line shows the DRIP score factors, and
the purple Xs show the average among small, medium and large hospitals in the Premier data set. Panel A: Premier data. Panel B: Cleveland Clinic data.

reducing the unnecessary use of broad-spectrum antimicro-
bials.?* The DRIP score was originally compared to risk factors
for healthcare-associated pneumonia (HCAP)® but not physi-
cian practice. Our findings comport with another VA analysis
showing that the DRIP model could improve stewardship rela-
tive to the HCAP factors but not compared to physician
judgment.!! In that study, following the DRIP score would have
unnecessarily increased use of broad-spectrum antibiotics by
9% without increasing the proportion of patients with antimi-
crobial-resistant organisms who received them. In contrast,
the CARM outperformed the DRIP and clinical judgment in
2 validation cohorts and can therefore aid in tailoring appropri-
ate empiric therapy.

An inescapable tradeoff exists between the imperative to pre-
scribe empiric broad-spectrum antibiotics to patients with antimi-
crobial-resistant infections and the importance of avoiding them
for patients without antimicrobial-resistant infections. Although
models can help to shift the balance between these 2 groups, no
model can perfectly distinguish between them. Physicians must
decide how many patients with antimicrobial-resistant organisms
they are willing to let go initially untreated in order to help other
patients avoid unnecessary broad-spectrum antibiotic exposures.
In comparing the 2 models, we plotted several potential thresholds
of risk for antimicrobial-resistant organisms that would spur treat-
ment with broad-spectrum antibiotics. Choosing a lower threshold
(ie, fewer DRIP score points or a lower model-predicted probabil-
ity) would identify more patients with resistant infections but
would require treating more patients overall. Increasing the thresh-
old does the reverse. The optimal threshold would balance the risks
of resistant infections being missed, and therefore undertreated,
against the risks of overtreating susceptible ones, weighting each
for the severity of the misclassification. Such optimization could
be done with a decision analytic model, but such a model does
not yet exist.
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The DRIP-score developers recommended treating patients
with a score >4, which in both of our samples would sharply reduce
physician use of broad-spectrum antibiotics but would cover
smaller proportions of patients with antimicrobial-resistant infec-
tions than current practice, yielding performance almost identical
to the much simpler 2-factor rule. Based on their prescribing
behavior, physicians in both of our samples chose a lower implied
threshold, between 2 and 3 DRIP points. Capturing a similar frac-
tion of patients with antimicrobial-resistant organisms requires a
predicted risk of only 4% to 5% from the CARM, suggesting that
physicians are generally more concerned about missing an antimi-
crobial-resistant infection than about overtreating. Individual hos-
pitals will have to choose their own thresholds, but our cumulative
gain plots should help clarify what that decision will mean in terms
of balancing these 2 concerns.

Our study had several limitations, primarily related to the data
sources used. We developed the model from an administrative
database that did not include specific laboratory values or vital
signs, inclusion of which could potentially strengthen future ver-
sions of the model. Cultures in this study were obtained in real-
world settings during routine patient care, and we were unable
to determine why some patients did not have cultures performed.
Hence, selective use of cultures—respiratory cultures in particular
—could have introduced bias. Similarly, antimicrobial-resistant
organisms could have been missed. Our diagnoses and
comorbidities were based on ICD codes, which are subject to dif-
ferential coding at different hospitals and coding drifts over time.
Some patients may have received outpatient antibiotics that could
have decreased culture yields, although we somewhat mitigated
this problem by excluding patients who were transferred from
other hospitals. The CARM was developed from 2010-2015
Premier data and performed less well on 2017-2019 CCHS data;
this could reflect temporal or geographical changes in resistance
or diagnostic coding differences. Finally, it is impossible to
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determine antibiotic susceptibilities for any organism for which no
CLSI break points exist,** and thus, these patients were excluded.

In conclusion, the CARM outperformed both the DRIP score
and the 2-factor rule proposed by the ATS/IDSA guidelines in a
national database and an independent validation sample from a
multihospital healthcare system. The CARM may therefore be
the model of choice for hospitals that cannot develop their own
models. Further study is needed to determine whether locally
derived models, as suggested by the updated CAP guidelines, out-
perform the CARM, and whether implementation of any such
models improves patient outcomes. The 12-factor CARM is avail-
able at https://riskcalc.org/PneumoniaAntibioticResistance/ and
could be incorporated into the electronic health record as clinical
decision support.

Supplementary material. To view supplementary material for this article,
please visit https://doi.org/10.1017/ice.2022.229
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