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Background. Community-acquired pneumonia (CAP) is a major driver of hospital antibiotic use. Efficient methods to identify 
patients treated for CAP in real time using the electronic health record (EHR) are needed. Automated identification of these patients 
could facilitate systematic tracking, intervention, and feedback on CAP-specific metrics such as appropriate antibiotic choice and 
duration.

Methods. Using retrospective data, we identified suspected CAP cases by searching for patients who received CAP antibiotics 
AND had an admitting International Classification of Diseases, Tenth Revision (ICD-10) code for pneumonia OR chest imaging 
within 24 hours OR bacterial urinary antigen testing within 48 hours of admission (denominator query). We subsequently explored 
different structured and natural language processing (NLP)–derived data from the EHR to identify CAP cases. We evaluated com-
binations of these electronic variables through receiver operating characteristic (ROC) curves to assess which best identified CAP 
cases compared to cases identified by manual chart review. Exclusion criteria were age <18 years, absolute neutrophil count <500 
cells/mm3, and admission to an oncology unit.

Results. Compared to the gold standard of chart review, the area under the ROC curve to detect CAP was 0.63 (95% confi-
dence interval [CI], .55–.72; P < .01) using structured data (ie, laboratory and vital signs) and 0.83 (95% CI, .77–.90; P < .01) when 
NLP-derived data from radiographic reports were included. The sensitivity and specificity of the latter model were 80% and 81%, 
respectively.

Conclusions. Creating an electronic tool that effectively identifies CAP cases in real time is possible, but its accuracy is de-
pendent on NLP-derived radiographic data.

Keywords.  algorithm; antibiotic stewardship; electronic; pneumonia.

Nationally, there are approximately 600,000 hospital admissions 
for community-acquired pneumonia (CAP) annually, making 
CAP one of the most common drivers of antibiotic use in hos-
pitalized patients [1–3]. Furthermore, in a substantial number 
of cases, antibiotics are not needed because there is no infec-
tion (ie, there is an alternative explanation for respiratory symp-
toms) or CAP therapy is suboptimal due to incorrect therapy 
choice, dose, route, or duration [4, 5]. Large-scale implementa-
tion of successful interventions to optimize CAP treatment has 
been limited by lack of efficient ways to find cases in real time 
for intervention.

The Joint Commission recommends that acute-care anti-
microbial stewardship programs (ASPs) have procedures 
to assess appropriateness of antibiotics for CAP [6]. Even 
though antimicrobial stewardship (AS) dashboards have en-
hanced AS daily workflow, most of the reports pertain to the 
drugs (eg, drug-bug mismatch, duplicate therapy, duration 
>72 hours) rather than syndromes [7–9]. As ASPs may differ 
in their strategies to optimize antibiotic use (eg, preapproval 
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KEY POINTS

Syndrome-based antibiotic stewardship can be limited by 
difficulty in finding cases for evaluation. We developed an 
electronic algorithm to prospectively identify community-
acquired pneumonia cases. The use of natural language 
processing–derived radiographic data was necessary for op-
timal algorithm performance.
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or postprescription review with feedback) and the antibiotics 
they choose to target, developing an electronic tool that can ef-
ficiently and effectively identify patients with CAP creates a new 
opportunity for AS intervention regarding need for antibiotics, 
antibiotic choice, and duration.

Previous approaches to identify CAP relied on International 
Classification of Diseases (ICD) pneumonia codes, which 
are known to be imprecise for clinical purposes (eg, they are 
underutilized, they do not distinguish between different types 
of pneumonia), or did not identify patients in real time [10–12].

The aim of this study was to determine electronic indicators 
of CAP that could be incorporated into an automated tool to 
identify patients started on CAP therapy who likely had CAP.

METHODS

Study Design, Setting, and Population

We conducted a retrospective study of patients ≥18 years of age 
admitted to The Johns Hopkins Hospital, a 1162-bed tertiary 
academic hospital in Baltimore, Maryland. To develop a cohort 
of patients suspected of having CAP, we included admissions 
between 1 December 2018 and 31 March 2019 as there are usu-
ally more CAP cases in the winter months. Individuals who had 
an absolute neutrophil count ≤500 cells/mm3 or were admitted 
to an oncology unit were excluded because immunocompro-
mised patients may not have typical CAP findings.

Development of the Electronic Algorithm to Identify Cap Cases

We used an iterative development process to build and refine 
the algorithm to identify patients likely to have CAP (Figure 1). 
Details of each step in this process are described below.

Develop a Cohort of Patients Suspected to Have CAP 
(Denominator Query)
 The first step in developing the electronic algorithm was to de-
velop a cohort of patients being treated for CAP (whether they 
likely have it or not). Because the focus of this electronic tool is 
to identify opportunities to stop unnecessary antibiotic use when 
patients lack evidence of infection, and to optimize the antibiotic 
choice and duration for patients with CAP, we only included pa-
tients receiving select antibiotics for ≥48 hours from start in the 
emergency department (ED). We included the following anti-
biotics that are commonly prescribed for mild, moderate, and 
severe CAP at our institution: azithromycin in combination 
with ampicillin/sulbactam, ceftriaxone, or cefepime; vanco-
mycin with aztreonam (used for patients with severe penicillin 
allergy); and moxifloxacin. Additional criteria used to identify 
potential CAP cases included the presence of 1 or more of the 
following: a chest image (chest radiograph [CXR] or chest com-
puted tomography [CT]) within 24 hours of arrival to the ED, 
a bacterial urinary antigen test within 48 hours of ED arrival, 
and an ICD, Tenth Revision (ICD-10) admission diagnosis code 
for pneumonia documented in the ED or within 6 hours after 

inpatient admission (Supplementary Table 1). We did not in-
clude discharge pneumonia diagnosis codes because our aim 
was to develop an algorithm that could identify patients in real 
time. Natural language processing (NLP) was used to exclude 
chest imaging with an indication for endotracheal tube (ETT) or 
central line (CL) placement evaluation.

Identify Electronic CAP Indicators
The second step was to evaluate potential electronic indica-
tors of CAP. Both structured variables (eg, laboratory test re-
sults, vital signs) and NLP-derived radiology results in our 
electronic health record system (Epic) were identified for in-
clusion in combination with the aforementioned denominator 
query (CAP-recommended antibiotic plus chest imaging or 
bacterial urinary antigen testing). NLP was used to identify ra-
diograph and CT results consistent with an infectious process. 
Specifically, a structured NLP algorithm electronically assessed 
radiology reports stored in free-text fields in the database for 
the presence of “consolidation,” “consolidative opacities,” or 
“infiltrate” and excluded records containing negation of these 
terms. NLP-derived radiographic data are summarized in 
Supplementary Table 2.

Chart Review and Evaluation of Different Electronic Algorithms
Three authors (G. J., H.  L., V.  F.) reviewed the charts of pa-
tients identified as meeting the antibiotic criterion and at least 
1 of the 3 other criteria (chest image, bacterial urinary antigen 

STEP 1: DEVELOP A COHORT OF PATIENTS
               SUSPECTED TO HAVE CAP

-We evaluated 3 variables (chest image, bacterial
urinary antigen test, or pneumonia ICD-10
admission diagnosis code) to combine with
the CAP-recommended antibiotics criterion.
-This step aims to identify patients being treated for
CAP whether they are likely to have CAP or not.

STEP 2: IDENTIFY ELECTRONIC
INDICATORS OF CAP

-We evaluated laboratory results, vital signs, and
 natural language processing-derived radiographic
data.

STEP 3: CHART REVIEW AND EVALUATION
OF DIFFERENT ELECTRONIC ALGORITHMS
-We manually reviewed cases identified in Step 1
and adjudicated for CAP (gold standard).
-We constructed electronic algorithms using the
denominator developed in Step 1 plus dierent
combinations of  electronic CAP indicators
developed in Step 2.
-We determined which algorithm best identified
CAP cases.

Figure 1. Flow diagram of steps taken to develop the community-acquired pneu-
monia electronic algorithm. Abbreviations: CAP, community-acquired pneumonia; 
ICD-10, International Classification of Diseases, Tenth Revision.
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test, and admitting ICD-10 code for pneumonia) to determine 
which approach was optimally inclusive and parsimonious and 
to see if there were any additional modifications needed to the 
criteria (any additional inclusion or exclusion criteria). These 
cases were manually adjudicated for CAP using a standard CAP 
definition [13, 14] that included a new pulmonary infiltrate on 
chest imaging plus clinical evidence of infection (fever/hypo-
thermia, new or increased cough, purulent sputum, pleuritic 
chest pain, abnormal leukocyte count).

To determine the effectiveness of different algorithms to pre-
dict CAP patients, we evaluated different combinations of CAP 
indicators using a multivariate logistic regression. Each combi-
nation of structured indicators and NLP outcomes was evalu-
ated for the sensitivity and specificity of detecting true CAP 
patients (as determined by chart review), and the most parsi-
monious model was selected as the most efficacious.

The study was approved by the Johns Hopkins Medicine 
Institutional Review Board as a quality improvement project.

Statistical Analysis

Categorical and continuous variables were evaluated with χ 2 
and Wilcoxon rank-sum tests, respectively. Predictive models 
of CAP were estimated using multivariate logistic regression 
for individual-level data including vital signs and laboratory 
data, radiographic reports, and combinations of these variables. 
Model fit was assessed by calculating the Akaike information 
criterion (AIC), the concordance statistic (c-statistic), which es-
timates the area under the curve, and the Hosmer-Lemeshow 
goodness-of-fit test against the gold standard of chart review. 
The value of c-statistics ranges from 0.5 to 1.0. A model with a 
c-statistic value closer to 1.0 means it has better discrimination 
(ability to separate patients with CAP from those without CAP). 
Hosmer-Lemeshow goodness of fit test helps identify models 

with good calibration (agreement between observed and pre-
dicted outcomes), and a P value > .05 indicates adequate cal-
ibration. The AIC combines both model fit and parsimony. 
AIC penalizes models with more parameters, making it a pre-
ferred technique to choose the best model. A lower AIC score 
indicates that the model provides a better fit. If, for example, 
2 models had similar c-statistic values, it is best to choose the 
model with the lower AIC. Our sample size was calculated using 
the 10 events per variable rule of predictive models to minimize 
overfitting [15].

RESULTS

Cohort of Patients Suspected to Have CAP

To define the cohort of patients being treated for suspected 
CAP (whether patients were likely to have CAP or not), we 
evaluated 3 criteria that could be combined with the receipt 
of antibiotics criterion. For a month-long period, the an-
tibiotic criterion plus chest imaging yielded 106 cases, the 
antibiotic criterion plus bacterial urinary antigen testing as 
the companion criterion yielded 57 cases, and the antibiotic 
criterion plus admitting ICD-10 diagnosis codes for pneu-
monia yielded 21 cases (Figure 2). All 21 patients with a 
pneumonia-related ICD-10 admission diagnosis code were 
detected by either the chest imaging (5/21) or the chest im-
aging plus bacterial urinary antigen (16/21) group; thus, 
ICD-10 codes were not retained as a criterion to define the 
population of interest. For the chest imaging criterion, we 
added an exclusion criterion for patients undergoing im-
aging for ETT or CL placement using NLP. The final de-
nominator query included patients ≥18 years with absolute 
neutrophil count >500/mm3, admitted to nononcology units 
who received CAP-recommended antibiotics for ≥48 hours 
from initiation in the ED AND had at least 1 of the following: 

n = 49

n = 36 n = 5

n = 16

n = 5 n = 0 n = 0
Admitting
pneumonia
ICD-10 code

(n = 21)

Chest image
obtained
(n = 106)

Bacterial
urinary antigen

obtained
(n = 57)

Figure 2. Results of the 3 criteria evaluated to select the population of interest (patients treated for suspected pneumonia). Abbreviation: ICD-10, International Classification 
of Diseases, Tenth Revision.
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bacterial urinary antigen test within 48 hours of ED arrival 
or chest imaging (CXR or CT) within 24 hours of ED arrival 
without an indication for ETT or CL placement evaluation.

CAP Indicators and Final Electronic CAP Algorithm

The denominator query described above (CAP-recommended 
antibiotics plus a chest image or a bacterial urinary antigen test) 
was applied over a 3-month period, retrieving 173 patients, 
41% (71/173) of whom were found to have CAP per the gold 
standard chart review. Alternative diagnoses among the 102 pa-
tients without CAP are summarized in Supplementary Table 3. 
Characteristics of the 173 patients are shown in Table 1. Age 
and sex were similar between patients with and without CAP. 
Variables that were significantly different between the CAP and 
no CAP groups included fever (45% vs 28%, P = .02), tachypnea 
(66% vs 47%, P = .01), and consolidation on chest imaging 
(80% vs 10%, P < .01).

A full list of the structured variables derived from laboratory 
data and vital signs and NLP-derived data from radiographic 
reports that were investigated for their sensitivity and specificity 
of detecting CAP indicators are summarized in Supplementary 
Table 4. Models that included both laboratory and vital signs 
data plus NLP-derived radiographic data demonstrated the best 
performance (Figure 3, Supplementary Table 5). Compared 
to the gold standard, the area under the ROC curve (AUC) 
was 0.63 (95% confidence interval [CI], .55–.72; P = .04) for 
an algorithm that included fever, tachypnea, and leukocytosis 
(Figure 3, model 1), 0.84 (95% CI, .77–.90; P < .01) when NLP-
derived data from radiographic reports were added to fever, 
tachypnea, and leukocytosis (Figure 3, model 2), and 0.83 (95% 
CI, .77–.90) for tachypnea, leukocytosis, and NLP-derived radi-
ographic data (Figure 3, model 3). The sensitivity and specificity 
were 77% and 84%, respectively, for model 2, and 80% and 81%, 
respectively, for model 3. Adding positive sputum/blood culture 

Table 1. Characteristics of Patients With and Without Community-Acquired Pneumonia per Gold Standard Manual Chart Review

Characteristic
All Patients   
(n = 173)

CAP  
(n = 71 [41%])

No CAP  
(n = 102 [59%]) P Value

Male sex 96 (55.5) 42 (59.2) 54 (52.9) .41

Age, y, median (IQR) 58 (46–67) 58 (48–67) 58 (41–67) .38

Fever (≥38°C) 61 (35.3) 32 (45.1) 29 (28.4) .02

Hypothermia (≤36°C) 84 (48.6) 36 (50.7) 48 (47.1) .63

Subjective fever or chills 8 (4.6) 4 (5.6) 4 (3.9) .59

Tachypnea (≥24 breaths/min) 95 (54.9) 47 (66.2) 48 (47.1) .01

Hypoxemia (SpO2 <92% or supplemental O2 received) 121 (69.9) 54 (76.1) 67 (65.7) .14

WBC count >12 000 cells/mm3 84 (48.6) 39 (54.9) 45 (44.1) .16

WBC count <4000 cells/mm3 19 (11.0) 9 (12.7) 10 (9.8) .55

Abnormal pro-BNP (>125 pg/mL) 66 (38.2) 34 (47.9) 32 (31.4) .09

Respiratory viruses 33 (19.1) 9 (12.7) 24 (23.5) .07

 Influenza viruses 17 (9.8) 7 (9.9) 10 (9.8)  

 Respiratory syncytial virus 8 (4.6) 1 (1.4) 7 (6.9)  

 Rhinoviruses/enteroviruses 6 (3.5) 1 (1.4) 5 (4.9)  

 Adenoviruses 1 (0.6) … 1 (1.0)  

 Metapneumovirus 1 (0.6) … 1 (1.0)  

Blood culture for CAP pathogen 4 (2.3) 2 (2.8) 2 (2.0)  

 Staphylococcus aureus 2 (1.2) … 2 (2.0)  

 Streptococcus pneumoniae 1 (0.6) 1 (1.4) …  

 Haemophilus influenzae 1 (0.6) 1 (1.4) …  

Bacterial urinary antigen 4 (2.3) 3 (4.2) 1 (1.0) .16

 Streptococcus pneumoniae 4 (2.3) 3 (4.2) 1 (1.0)  

Sputum culture 7 (4.0) 7 (9.9) …  

 Staphylococcus aureus 3 (1.7) 3 (4.2) …  

 Haemophilus influenzae 3 (1.7) 3 (4.2) …  

 Moraxella catarrhalis 1 (0.6) 1 (1.4) …  

Consolidation on either CXR or CTa 69 (40) 52 (73.3) 17 (16.7) <.01

Consolidation on CXR 30 (17) 23 (32.4) 7 (6.9) <.01

Consolidation on CT 52 (30) 41 (58) 11 (11) <.01

Infiltrate on either CXR or CTa 10 (5.8) 6 (8.5) 4 (3.9) .20

Data are presented as No. (%) unless otherwise indicated. Bold P values indicate statistical significance.

Abbreviations: BNP, brain natriuretic peptide; CAP, community-acquired pneumonia; CXR, chest radiograph; CT, computed tomography; IQR, interquartile range; O2, oxygen; SpO2, oxygen 
saturation; WBC, white blood cell.
aPatients who had consolidation on both CXR and chest CT were counted only once.
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or positive bacterial urinary antigen did not improve perfor-
mance of the algorithm (Supplementary Table 5). In evaluating 
NLP-derived radiographic data, we found that inclusion of both 
CXR and chest CT performed better than either image alone 
(Supplementary Table 5).

DISCUSSION

Using CAP-recommended antibiotics plus bacterial urinary an-
tigen testing and/or chest imaging in combination with labo-
ratory (leukocytosis), vital signs (tachypnea), and NLP-derived 
radiographic data, we developed an electronic algorithm 
that effectively identifies CAP cases among nonneutropenic 
hospitalized adults.

Lower respiratory infections are a major driver of antibiotic 
use in hospitalized patients [2], and up to 30% of patients re-
ceiving CAP therapy are found to have alternative diagnoses 
[4]. Approaches to increase ASP efficiency in finding cases for 
intervention are urgently needed. Having an electronic algo-
rithm that can identify patients receiving antibiotics for sus-
pected CAP in real time and distinguishing which patients 
likely have CAP from those who may have an alternative expla-
nation for their respiratory symptoms provides an intervention 
opportunity for ASPs that may not be able to systematically per-
form postprescription review and feedback on all antibiotics. 
Furthermore, this algorithm would allow for tracking of CAP-
specific antibiotic use metrics and inform syndrome-specific 
interventions and feedback to clinicians. In this study, we re-
port step-by-step how we developed such an electronic algo-
rithm. The first step was to generate the population of interest 

(those receiving antibiotics for suspected CAP). Because CAP 
antibiotics are prescribed in many other circumstances, we nar-
rowed the search by adding additional clinical criteria that can 
be electronically retrieved. We found that admission ICD-10 
codes for pneumonia were underutilized as previously reported 
in the literature [11, 12] and did not retrieve any unique cases. 
We explored 2 additional criteria, chest imaging and bacterial 
urinary antigen tests, because these are commonly included in 
the workup of CAP. Although we limited the generalizability 
of the electronic algorithm by including bacterial urinary an-
tigen orders, only 5% of the denominator cases would have 
been missed without this criterion that were not captured by the 
chest image order criterion, and the algorithm likely would be 
valuable for institutions where bacterial urinary antigen testing 
is not routinely used or available. The second step in developing 
the electronic algorithm was to identify indicators of CAP that 
could be combined with the denominator criteria to determine 
which combinations worked best to detect CAP cases. In ROC 
curve analysis, inclusion of NLP-derived radiographic data 
along with vital signs and laboratory data (tachypnea and leu-
kocytosis) significantly improved CAP case identification, and 
inclusion of both CXR and CT resulted in a better AUC than 
models with either of these alone. These findings are in agree-
ment with prior studies that showed that inclusion of text ana-
lyses of chest imaging reports improves the performance of case 
detection algorithms [10]. The electronic algorithm can be ad-
justed further and adapted to local needs. For example, while we 
included azithromycin in the antibiotic criterion, doxycycline 
could be added if regularly used for atypical coverage in CAP 
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Figure 3. Receiver operating characteristic curves for composite community-acquired pneumonia indicators. Model 1 (no natural language processing): temperature ≥38°C 
plus tachypnea plus leukocytosis. Model 2: model 1 plus “consolidation” or “infiltrate” on chest radiograph (CXR) or chest computed tomography (CT). Model 3: tachypnea 
plus leukocytosis plus “consolidation” or “infiltrate” on CXR or CT. Abbreviation: AUC, area under the curve.
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regimens in combination with other CAP antibiotics. Similarly, 
the antibiotic criterion of the algorithm would need to be up-
dated if there are local updates to CAP antibiotic recommenda-
tions. The electronic algorithm also identifies patients receiving 
antibiotics for suspected CAP who do not appear to have CAP 
(eg, patients with heart failure), allowing ASPs to intervene to 
stop or modify antibiotic therapy.

Previous electronic pneumonia algorithms have concentrated 
on ICD diagnosis codes for case identification; however, because 
they do not accurately identify all patients with CAP or distinguish 
CAP from health care–associated pneumonia, their use alone is 
not helpful to guide stewardship interventions [10, 12, 16]. Our 
tool is innovative because it includes receipt of CAP-recommended 
antibiotics for ≥48 hours from ED initiation as a selection criterion 
to identify patients who were thought to have an infection by the 
treating providers. Next steps include using this algorithm to build 
reports into our AS dashboard as an actionable tool to promote 
appropriate use of antibiotics in CAP patients, including integra-
tion with additional clinical data such as allergy history and mi-
crobiologic data to flag inappropriate antibiotic choices based on 
local recommendations (eg, moxifloxacin for a patient without a 
penicillin allergy).

There are limitations to our study. Antibiotic receipt was one 
of the inclusion criteria to find cases; hence, patients who may 
have had CAP but were not treated with antibiotics are not iden-
tified with the electronic algorithm. However, this algorithm 
is intended to address inappropriate antibiotic use rather than 
missing treatment. Similarly, patients with CAP who received 
antibiotics not included in the algorithm will not be identified; 
however, guideline compliance is high at our institution. We 
evaluated performance of the electronic algorithm against a gold 
standard of manual chart review using the Infectious Diseases 
Society of America definition of CAP [14]; however, a true gold 
standard CAP diagnosis remains elusive [17]. We evaluated ICD-
10 pneumonia codes as a possible criterion to select patients sus-
pected of having CAP. Because a diagnosis of pneumonia may 
not be entered by ED providers due to overlapping symptoms 
of CAP and noninfectious processes such as heart failure, we 
included ICD pneumonia codes entered in the ED or up to 6 
hours after inpatient admission. The algorithm depends on radi-
ographic data, which may represent a barrier to reproducibility 
of the tool in institutions with electronic health record systems 
that do not integrate radiographic data or when most patients 
are not admitted through the emergency department and have 
their CXRs performed outside of the hospital. Although the 
NLP-derived radiographic variables were easily found in elec-
tronic data, information technology resources and expertise 
were required to extract them; it may be challenging for sites 
without these resources to operationalize such an algorithm. 
Additionally, as the tool was built as a predictive algorithm, its 
effectiveness may differ between institutions, and extensions to 

examine the generalizability of the tool in other institutions are 
ongoing. We have not yet implemented this tool within our AS 
dashboard, and further research is needed to determine the im-
pact of the tool on patient management, outcomes, and antibi-
otic use data. The number of patients evaluated was relatively 
small, although a parsimonious number of predictor variables 
were evaluated and methods to avoid overfitting the model were 
used [15]. We chose winter months to develop the algorithm be-
cause CAP cases peak in these months. Additional validation 
may be needed to ensure that the electronic algorithm maintains 
accuracy when applied to other hospitals and other seasons and 
during viral pandemics. Similarly, further research is needed to 
validate the electronic CAP algorithm in neutropenic and on-
cology patients who were excluded from this study due to their 
atypical CAP presentations, and to characterize the impact of 
other immunocompromising conditions such as human immu-
nodeficiency virus infection on the accuracy of the electronic 
CAP algorithm.

In summary, we developed an electronic algorithm that can 
effectively identify CAP in adult hospitalized patients; however, 
the use of an NLP-derived radiographic criterion appears nec-
essary for optimal performance, limiting its reproducibility in 
settings without access to such data. Our algorithm is a practical 
starting point for syndrome-based AS interventions.
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