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OBJECTIVES: Accurate identification of acute respiratory distress syndrome is 
essential for understanding its epidemiology, patterns of care, and outcomes. We 
aimed to design a computable phenotyping strategy to detect acute respiratory 
distress syndrome in electronic health records of critically ill patients.

DESIGN: This is a retrospective cohort study. Using a near real-time copy of the 
electronic health record, we developed a computable phenotyping strategy to de-
tect acute respiratory distress syndrome based on the Berlin definition.

SETTING: Twenty multidisciplinary ICUs in Mayo Clinic Health System.

SUBJECTS: The phenotyping strategy was applied to 196,487 consecutive 
admissions from year 2009 to 2019.

INTERVENTIONS: The acute respiratory distress syndrome cohort generated by 
this novel strategy was compared with the acute respiratory distress syndrome co-
hort documented by clinicians during the same period. The sensitivity and specificity 
of the phenotyping strategy were calculated in randomly selected patient cohort (50 
patients) using the results from manual medical record review as gold standard.

MEASUREMENTS AND MAIN RESULTS: Among the patients who did not 
have acute respiratory distress syndrome documented, the computable pheno-
typing strategy identified 3,169 adult patients who met the Berlin definition, 676 
patients (21.3%) were classified to have severe acute respiratory distress syn-
drome (Pao2/Fio2 ratio ≤ 100), 1,535 patients (48.4%) had moderate acute respi-
ratory distress syndrome (100 < Pao2/Fio2 ratio ≤ 200), and 958 patients (30.2%) 
had mild acute respiratory distress syndrome (200 < Pao2/Fio2 ratio ≤ 300). The 
phenotyping strategy achieved a sensitivity of 94.4%, specificity of 96.9%, positive 
predictive value of 94.4%, and negative predictive value of 96.9% in a randomly 
selected patient cohort. The clinicians documented acute respiratory distress syn-
drome in 1,257 adult patients during the study period. The clinician documentation 
rate of acute respiratory distress syndrome was 28.4%. Compared with the clini-
cians’ documentation, the phenotyping strategy identified a cohort that had higher 
acuity and complexity of illness suggested by higher Sequential Organ Failure 
Assessment score (9 vs 7; p < 0.0001), higher Acute Physiology and Chronic 
Health Evaluation score (76 vs 63; p < 0.0001), higher rate of requiring invasive 
mechanical ventilation (99.1% vs 71.8%; p < 0.0001), higher ICU mortality (20.6% 
vs 16.8%; p < 0.0001), and longer ICU length of stay (5.1 vs 4.2 d; p < 0.0001).

CONCLUSIONS:  Our rule-based computable phenotyping strategy can accu-
rately detect acute respiratory distress syndrome in critically ill patients in the 
setting of high clinical complexity. This strategy can be applied to enhance early 
recognition of acute respiratory distress syndrome and to facilitate best-care de-
livery and clinical research in acute respiratory distress syndrome.
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Acute respiratory distress syndrome (ARDS) 
is a common critical illness associated with 
high morbidity and mortality (1). Accurate 

and timely identification of ARDS is fundamental to 
prompt initiation of best supportive care, appropriate 
lung-protective mechanical ventilation strategies, and 
facilitate early enrollment in clinical trials. The Berlin 
definition, published in 2012, defined ARDS with an 
explicit criterion. It stratified patients by Pao2 to Fio2 
(P/F) ratio into mild (P/F 200–300), moderate (P/F 
100–199), and severe ARDS (P/F < 100). Compared 
with the previous American-European Consensus 
Conference (AECC) criteria, it clarified several areas, 
including features on chest imaging, and the exclusion 
of cardiac origin of pulmonary edema using nonin-
vasive methods. It also set a minimum requirement 
for the positive end-expiratory pressure (PEEP) level 
of 5 cm H2O during P/F determination (2). However, 
early recognition of ARDS remains a major limitation 
of the Berlin definition (3) which is at least in part due 
to the well-known complexity and heterogeneity of the 
ICU patient population. In 1956, Miller et al (4) had 
published that even experienced clinicians could not 
consistently integrate more than seven variables for 
information processing. Underdiagnosis of ARDS has 
been recognized as a barrier to timely implementation 
of best practice, such as lung-protective ventilation 
(5) or use of prone positioning (1). When conduct-
ing clinical studies on ARDS, relying only on the cli-
nicians’ documentation will lead to incomplete study 
cohort and unreliable results. Accurate identification 
of ARDS allowing for clearly defined patient cohorts is 
critically needed.

In addition to clinical assessment, electronic health 
records (EHRs) have emerged as powerful assistance 
for accurate diagnosis. They store large amounts of 
near real-time data, which contains the physiologic 
signatures required for the recognition of clinical syn-
dromes. Automated electronic medical record (EMR) 
search strategies have been developed and validated 
to identify postoperative complications, extubation 
failure, acute kidney injury, and sepsis in a timely 
fashion with high precision (6–10). By using the elec-
tronic search strategies, the investigators were able 
to achieve high sensitivity and specificity in accurate 
detection of patients involved with the syndromes 
mentioned above. The objective of the present work 
was to create a retrospective, pragmatic computable 

phenotyping strategy using Berlin criteria to identify 
ARDS in a large cohort of ICU admissions and compare 
its reliability and validity to clinicians’ documentation.

METHODS

The study was approved by the Mayo Clinic 
Institutional Review Board (IRB 13-008906) at Mayo 
Clinic, Rochester, for the use of existing medical 
records of patients who previously authorized the use 
of their medical record for review.

Study Population

This is a retrospective cohort study of adult patients 
admitted to any of 20 ICUs at seven medical centers in 
the Mayo Clinic Health System from January 1, 2009, 
to December 31, 2019. The participating ICUs in-
cluded medical, surgical, trauma, pediatric, and mixed 
ICUs. Admissions from cardiac or cardiothoracic ICUs 
were excluded. Patients who did not provide previous 
authorization for use of their health records were 
excluded.

During the study period, 196,487 consecutive ICU 
admissions were screened for eligibility and reviewed 
(Fig. 1, http://links.lww.com/CCX/A657). A diagnosis 
of ARDS (defined as having International Classification 
of Diseases [ICD], 9th Edition code 518.52 or ICD, 10th 
Edition code J80 or having “ARDS” documented in the 
clinicians’ notes) was found in 1,257 adult patients. 
The computable phenotyping strategy will not attempt 
to alter the diagnoses made by physicians. Thus, these 
patients were categorized as the clinician documented 
cohort and would not undergo the computable pheno-
typing process.

Patients met inclusion criteria for the computable 
phenotyping model if they were admitted to the ICU 
and had a total duration of invasive or noninvasive 
mechanical ventilation greater than 24 hours or dura-
tion of invasive mechanical ventilation greater than 12 
hours and met the Berlin definition of ARDS. The du-
ration of mechanical ventilation was searched accord-
ing to our previously published algorithm (11).

Manual Adjudication Strategies

Two groups of 50 patients each were selected by pur-
poseful (for a mix of true ARDS and true non-ARDS 
cases) sampling for the test of sensitivity and specificity. 

http://links.lww.com/CCX/A657
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Adjustment to the searching strategy is allowed if 
needed. An additional cohort of 50 randomly selected 
patients was used after necessary adjustment for calcu-
lation of the sensitivity and specificity.

Adjudication was performed by an intensivist via 
manual chart review. To minimize the influence of the 
reviewer’s personal judgment, she was requested to assess 
the EHR to identify ARDS using prespecified Berlin def-
inition, including 1) P/F ratio less than or equal to 300, 
2) PEEP greater than or equal to 5 cm H2O, 3) bilateral 
infiltrate on chest radiographs, and 4) the presence of at 
least one risk factor for ARDS (i.e., sepsis/septic shock, 
pneumonia, pancreatitis, trauma, aspiration, multiple 
transfusion, drug overdose, and shock) within 7 days of 
onset. We did not involve a second reviewer, as there is 
not a “gold standard” of ARDS that could resolve inter-
rater disagreement. The manual adjudication process 
was independent of the development or utilization of the 
computable phenotyping strategy. The manual adjudica-
tion results were used as gold standard for sensitivity and 
specificity calculation.

Automated Electronic Search Strategy

Data were used from Mayo Clinic ICU DataMart and 
Unified Data Platform (12), which are extensive data 
warehouses containing a near real-time normalized 
replica of Mayo Clinic’s EHR. These databases con-
tain patient information along with their laboratory 
test results, clinical and pathologic information from 
sources within the institution, and have been previ-
ously validated (13, 14). Ventilator variables (such as 
PEEP) were captured via automated input to the EHR 
from the ventilator.

The automated computable phenotyping strategy 
for identifying ARDS as per the Berlin definition was 
completed in eligible patients. ARDS was identified 
when all the following criteria were met:

1) � PEEP was greater or equal to 5 cm H2O. For each 
admission, the first time when a PEEP greater than 
or equal to 5 cm H2O was documented was cap-
tured as “time zero.”

2) � P/F less than or equal to 300. P/F ratio was calcu-
lated based on matched Pao2 and Fio2 from the lab-
oratory data nearest (± 6 hr) the “time zero”.

3) �  Presence of “bilateral infiltrates” or “bilateral opaci-
ties” or “bilateral edema” in the radiology reports of 
chest radiographs nearest (± 12 hr) the “time zero.”

Patients who did not have qualifying Pao2, Fio2 or 
chest radiographs were excluded. ARDS risk factors 
(i.e., sepsis/septic shock, pneumonia, aspiration, pan-
creatitis, trauma, drug overdose, shock, and multiple 
transfusions) were searched for in the health records. 
Among cases without known ARDS risk factors, those 
with cardiogenic pulmonary edema, cardiogenic 
shock, or acute decompensated heart failure were 
excluded (12). Patients who neither have ARDS risk 
factor nor evidence of cardiogenic cause of pulmonary 
edema were included in the ARDS cohort. For patients 
who had multiple admissions within a year, only the 
first admission was kept for analysis.

Statistical Analysis

Depending on the normality of the data distribution, 
continuous variables were summarized as mean and 
sd or median and interquartile range. Categorical 
variables were summarized as counts (n) and percent-
ages (%). Wilcoxon rank-sum test was used in com-
parison of continuous variables. Pearson chi-square 
test was used in comparison of nominal variables. A p 
value of less than 0.05 was considered significant. All 
analyses were performed using SAS Version 9.4 (SAS 
Institute, Cary, NC).

RESULTS

Between January 1, 2009, and December 31, 2019, a 
total of 196,487 ICU admissions to the selected ICUs 
were electronically screened. The clinical diagnosis of 
ARDS was documented in 1,257 patients’ EHR (clini-
cian documented cohort). The computable phenotyp-
ing strategy captured 3,169 adult patients with ARDS 
based on the Berlin definition (computer phenotype 
cohort). If we acknowledge both clinical- and com-
puter-derived ARDS diagnosis, we create an ARDS co-
hort of 4,426 patients, among which only 1,257 were 
identified by the clinicians. The clinician documenta-
tion rate of ARDS was 28.4%. Among the patients in 
the computer phenotype cohort, 676 patients (21.3%) 
were classified as severe (P/F ratio ≤ 100), 1,535 patients 
(48.4%) as moderate (100 < P/F ratio ≤ 200), and 958 
patients (30.2%) as mild ARDS (200 < P/F ratio ≤ 300). 
The computer phenotype cohort is different from the 
clinician documented cohort in the composition of 
admission sources. The computer phenotyped cohort, 
compared with the clinician documented cohort, had 
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more directly admitted patients (956/3,169; 30.2% vs 
316/1,257; 25.1%), and fewer patients transferred from 
the operative or procedural areas (587/3,169; 18.5% vs 
344/1,257; 27.4%) (Table 1).

The epidemiologic features, treatment pattern, 
and outcomes of the two cohorts are outlined and 
compared in Table  2. The patients from the com-
puter phenotype cohort, compared with the clini-
cian documented cohort, were older (63.1 vs 59.2 yr;  
p < 0.0001) and more critically ill as suggested by higher 

Sequential Organ Failure Assessment (SOFA) (9 vs 7; 
p < 0.0001) and Acute Physiology and Chronic Health 
Evaluation (APACHE) scores (76 vs 63; p < 0.0001).  
The rate (99.1% vs 71.8%; p < 0.0001) and dura-
tion of invasive mechanical ventilation (2.5 vs 1.4 d;  
p < 0.0001) were higher in the computer phenotype 
cohort. The patients from the computer phenotype co-
hort also had higher ICU mortality (20.6% vs 16.8%; 
p < 0.0001), longer ICU length of stay (5.1 vs 4.2 d; 
p < 0.0001), and shorter hospital length of stay (11.2 
vs 13.2 d; p < 0.0001). There was no significant differ-
ence in hospital mortality between these two cohorts 
(27.1% vs 25.7%; p = 0.34).

The computable phenotyping strategy reached high 
sensitivity and specificity in two separate test cohorts 
using manual adjudication results as gold standard 
(Table  3). Among 100 patients, the phenotyping 
strategy missed ARDS in four patients (false negative). 
Two false negatives occurred due to missing P/F ratio 
and missing chest radiograph in the EHR. Two false 
negatives occurred due to missing documentation of 
ARDS risk factor (sepsis). The phenotyping strategy 
was not changed as the missing data cannot be restored 
by altering the phenotyping strategy.

In the randomly selected patient cohort, the com-
putable phenotyping strategy yielded a sensitivity of 

TABLE 1. 
Admission Sources of the Acute Respiratory 
Distress Syndrome Cohorts

ICU Admission 
Source

Computer  
Phenotyped  
(N = 3,169),  

n (%)

Clinician  
Documented  
(N = 1,257),  

n (%)

Operative/procedural 
areas

587 (18.5) 344 (27.4)

Inpatient wards 809 (25.5) 353 (28.1)

Other ICUs 54 (1.7) 8 (0.6)

Emergency department 763 (24.1) 236 (18.8)

Direct admission 956 (30.2) 316 (25.1)

TABLE 2. 
Epidemiologic Features, Therapy Pattern, and Outcomes of the Acute Respiratory  
Distress Syndrome Cohorts

Epidemiologic Features, Therapy Pattern, and Outcomes

Computer  
Phenotyped  
(N = 3,169)

Clinician  
Documented  
(N = 1,257) p

Age, mean ± sd 63.1 ± 15.9 59.2 ± 16.9 < 0.0001a

Male sex, n (%) 1,782 (56.2) 717 (57.0) 0.73b

Sequential Organ Failure Assessment score, median (interquartile range) 9 (6–12) 7 (4–10) < 0.0001a

Acute Physiology and Chronic Health Evaluation IV score,  
median (interquartile range)

76 (58–98) 63 (45–87) < 0.0001a

Invasive MV use, n (%) 3,139 (99.1) 901 (71.8) < 0.0001b

Duration of invasive MV (d), median (interquartile range) 2.5 (1.1–5.6) 1.4 (0–5.5) < 0.0001a

ICU mortality, n (%) 653 (20.6) 206 (16.8) < 0.0001b

ICU LOS (d), median (interquartile range) 5.1 (2.7–8.9) 4.2 (1.5–10.2) < 0.0001a

Hospital mortality, n (%) 860 (27.1) 323 (25.7) 0.34b

Hospital LOS (d), median (interquartile range) 11.2 (6.2–20.0) 13.2 (6.4–24.6) < 0.0001a

LOS = length of stay, MV = mechanical ventilation.
ap comes from Wilcoxon rank-sum test.
bp comes from χ2.
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94.4%, specificity of 96.9%, positive predictive value of 
94.4%, and negative predictive value of 96.9% (Table 3). 
ARDS was missed by the phenotyping strategy (false 
negative) in two patients due to missing P/F ratio and 
missing chest radiograph in one patient and missing 
documentation of PEEP in a patient who used nonin-
vasive mechanical ventilation chronically.

DISCUSSION

In this study, we established a large retrospective 
ARDS patient cohort using a novel computable phe-
notyping strategy based on the Berlin definition in 
addition to clinicians’ documentation. The strategy 
achieved high sensitivity and specificity in a randomly 
selected cohort using manual adjudication results as 
gold standard. Compared with the clinician docu-
mented cohort, the computer phenotype cohort had 
higher complexity and acuity of illness at the time of 
initial ARDS diagnosis, suggested by older age, higher 
SOFA scores, and APACHE scores. This difference in 
complexity and acuity of illness can be explained by 
the computable strategy that identifies the essential 
factors of ARDS upon their occurrence regardless of 
the complexity of the clinical scenario, whereas the 
clinical documentation often lags behind. The fact 
that the computer phenotyped cohort had more in-
vasive mechanical ventilation use, longer duration of 
mechanical ventilation, and longer hospital length of 
stay also hinted that ARDS was identified earlier in 
this group. Because of the advantage of the computable 
phenotyping strategy in identifying ARDS upon early 
contact, its cohort had more directly admitted patients 
but fewer transferred patients compared with the clini-
cian documented cohort.

Proper identification and phenotyping of ARDS 
have been increasingly considered important for 

clinical practice and research. Over the past decade, 
significant efforts have been made to develop unbi-
ased, data-driven strategy for early and accurate iden-
tification of ARDS. In a systematic review published 
in 2019, Wayne et al (15) identified six unique elec-
tronic “ARDS sniffer” tools from literature. Three tools 
were developed after the Berlin definition published. 
However, none of them incorporated all the variables 
from the Berlin definition into their tools. Chbat  
et al (16) and Reamaroon et al (17) did not incorporate 
radiographic reports as a data source. In the model by 
Yetisgen-Yildiz et al (18), only analysis of the radio-
graph reports was used, without including P/F ratio. 
Therefore, our phenotyping strategy is the first elec-
tronic ARDS identification tool to incorporate the 
Berlin definition in its entirety.

Clinical underrecognition of ARDS has been re-
ported in literature. In our study, the clinician docu-
mentation rate of ARDS was 28.4%. This rate is similar 
to the clinician recognition rate (26.5%) reported by 
Herasevich et al (5) by comparing clinical with to an 
“acute lung injury sniffer” based on AECC criteria. It 
is lower than the clinician recognition rated of ARDS 
(51.3% in mild, 78.5% in severe ARDS) from the large 
prospective observational Large observational study to 
UNderstand the Global impact of Severe Acute respi-
ratory FailurE (LUNGSAFE) study which compared 
the clinical assessment with Berlin criteria (1). Despite 
the low clinician documentation rate in our cohort, 
the ICU mortality (859/4,426; 19.4%) is lower than the 
ICU mortality (35.3%) reported in LUNGSAFE study, 
which implies the lower clinician documentation rate 
probably did not have adverse impact on the patients’ 
outcome. Further research is needed to study the im-
pact of underrecognition of ARDS on its management 
and patients’ outcomes in the era of wide use of lung-
protective ventilation.

TABLE 3. 
Sensitivity and Specificity of the Computer Phenotyping Strategy

Cohorts

Acute Respiratory Distress Syndrome Per Berlin Definition

Sensitivity  
(%)

Specificity  
(%)

Positive Predictive  
Value (%)

Negative Predictive  
Value (%)

Test cohort 1, n = 50 91.3 100 100 93.1

Test cohort 2, n = 50 90.9 100 100 93.3

Randomly selected cohort n = 50 94.4 96.9 94.4 96.9
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The novel computable phenotyping strategy has sev-
eral strengths. It is the first reported ARDS electronic 
detection tool that used all aspects of the Berlin defi-
nition. The strategy was developed using a large ICU 
admission cohort of 196,487 patients, whereas the 
previously reported tools used significantly smaller 
cohorts, with the largest one (5) having only 3,795 
patients. Thus, we were able to establish the largest 
electronically created ARDS cohort to date that has 
been used for retrospective research. Different from the 
traditional cohort creation by note searching, the new 
strategy directly recognizes the physiologic features of 
the syndrome rather than relying on the clinicians’ doc-
umentations alone. The cohort continues to expand by 
repeating the searching process on consecutive admis-
sions without requiring manual data extraction. This 
rule-based, data-driven strategy has the potential to be 
implemented into EHRs as a real-time “ARDS sniffer,” 
which can be used for early detection and as deci-
sion-making support tool for timely application of best 
practice, such as lung-protective ventilation or proning. 
It can also be used for quality improvement projects or 
patient screening for clinical trials.

The described phenotyping strategy has its limita-
tions. First, the phenotyping strategy’s performance 
relies on the completeness of the EHRs. The comput-
able strategy reported missing documentation in six of 
150 patients while searching for P/F ratios, chest radio-
graphs, or ARDS risk factors, such as “pneumonia,” 
“multiple transfusions,” and “trauma.” These missing 
items were only recovered by manual search. In order 
to overcome this limitation, more work is needed to 
develop a more advanced searching strategy that takes 
full advantage of all EHR data, extracting information 
from the complex text in the physician’s notes, and 
actual radiological images. Second, the phenotyping 
strategy is based on the Berlin definition, which has 
only moderate diagnostic reliability. Interobserver dis-
agreement in diagnosing ARDS is common, mainly 
driven by different interpretations of chest imaging 
(19). Despite using the most explicit rules that we 
have, disagreement between the automatic phenotyp-
ing and clinical assessment could exist. Validation of 
the strategy will be difficult due to lack of a true “gold 
standard” of ARDS. Third, the current work was not 
sufficient to reveal the impact of the clinical recogni-
tion on the choice of ventilation strategy. Recent liter-
ature demonstrated that low tidal volume ventilation 

benefited critically ill patients who did not meet the 
ARDS criteria (20). Thus, low tidal volume ventilation 
has become the widely accepted best practice at many 
institutions for all mechanically ventilated patients re-
gardless of the diagnoses. Due to the varying institu-
tional requirements and the rapidly evolving practice 
that moves toward universal application of lung-pro-
tective ventilation, the correlation between clinical di-
agnosis of ARDS and the application of lung-protective 
ventilation strategy remains unknown.

CONCLUSIONS

We have described the first computable phenotyp-
ing strategy based on the Berlin definition to identify 
ARDS cases from the existing EMRs from multiple 
ICUs. The large, well-defined ARDS cohort we created 
can be used for retrospective clinical research. This 
novel phenotyping strategy can also potentially facili-
tate early implementation of best supportive practices, 
the process of screening patients, and enrollment in 
clinical trials.
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