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Abstract

Pulmonary arterial hypertension (PAH) is a rare subgroup of pulmonary

hypertension (PH). Claims and administrative databases can be particularly

important for research in rare diseases; however, there is a lack of validated

algorithms to identify PAH patients using administrative codes. We aimed to

measure the accuracy of code‐based PAH algorithms against the true clinical

diagnosis by right heart catheterization (RHC). This study evaluated

algorithms in patients who were recorded in two linkable data assets: the

Stanford Healthcare administrative electronic health record database and the

Stanford Vera Moulton Wall Center clinical PH database (which records each

patient's RHC diagnosis). We assessed the sensitivity and specificity achieved by

16 algorithms (six published). In total, 720 PH patients with linked data

available were included and 558 (78%) of these were PAH patients. Algorithms

consisting solely of a P(A)H‐specific diagnostic code classed all or almost all PH

patients as PAH (sensitivity >97%, specificity <12%) while multicomponent

algorithms with well‐defined temporal sequences of procedure, diagnosis and

treatment codes achieved a better balance of sensitivity and specificity.

Specificity increased and sensitivity decreased with increasing algorithm

complexity. The best‐performing algorithms, in terms of fewest misclassified

patients, included multiple components (e.g., PH diagnosis, PAH treatment,

continuous enrollment for ≥6 months before and ≥12 months following index

date) and achieved sensitivities and specificities of around 95% and 38%,

respectively. Our findings help researchers tailor their choice and design of

code‐based PAH algorithms to their research question and demonstrate the

importance of including well‐defined temporal components in the algorithms.
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INTRODUCTION

Pulmonary hypertension (PH) is a progressive, life‐
threatening disease that is characterized by elevated
mean pulmonary artery pressure and classified into five
subgroups based on underlying etiology.1 A diagnosis of
Group 1 PH, pulmonary arterial hypertension (PAH), is
made by excluding other possible causes of PH (e.g.,
pulmonary artery obstructions [Group 4 PH]) and should
be confirmed using right heart catheterization (RHC),
the gold standard diagnostic test.1 PAH is an incurable,
treatable, rare condition that is subgrouped further into
idiopathic and hereditary cases, and cases associated
with either another condition such as systemic sclero-
derma, or with the use of certain drugs and toxins.1 The
prevalence of PAH varies by country and was recently
estimated to be 48–55 patients per million adults,2 with
idiopathic PAH accounting for around 30%–50% of all
PAH cases.3–5

Research into rare diseases is challenging and data
are often from disparate sources with low patient
numbers. As such, administrative databases, including
health insurance claims or Electronic Health Record
(EHR) databases—which collect information from large,
representative samples of the population—can support
observational research in PAH.6 Generating meaningful
results from such observational healthcare databases
relies on the accurate identification of patients based on
administrative codes (e.g., for diagnoses, procedures or
treatments). Correctly identifying patients of interest can
be difficult as diagnostic codes are not always recorded
and they do not necessarily correspond to a clinical
diagnosis.2 Rather, they are mainly a billing tool, entered
for reimbursement purposes; they are not used to convey
medical decision‐making or the exact clinical scenario.
For example, a PH diagnostic code may be entered to
ensure reimbursement for a procedure to investigate the
possible presence of PH. In addition, diagnostic codes for
the five different subgroups of PH1—including PAH—
were not available until October 20177 and there is often
a delay between the introduction of a new code and its
use by healthcare professionals.

Administrative codes are often combined into code‐
based algorithms (code sequences) to better identify
patients. However, using combinations of codes does not
resolve every issue: identifying PAH patients using drug
codes can be imprecise since PAH‐specific therapies may
be used for off‐label treatment of other PH Groups1,8,9 and
some PAH drugs are approved for other indications.6

Additionally, although guidelines state a diagnosis of PAH
must be confirmed by RHC1 and it would therefore seem
logical to identify PAH patients using procedure codes, not
all PAH patients undergo invasive RHC.10 For example, in

under‐resourced settings, PAH patients may be “diag-
nosed” using transthoracic echocardiography (which is
only recommended to determine the probability of PH),1

and some PAH patients may not be well enough to
undergo RHC.1 A previous study conducted a systematic
literature search for PAH algorithms and assessed their
performance in three US claims databases using PheVa-
luator,11 a diagnostic modeling tool. Specificity was high
for all algorithms, but the positive predictive value (PPV)
of the algorithms varied from 13% to 66%, depending on
the complexity of the algorithm.12 Studies to validate PAH
algorithm performance, particularly against clinical
data, are lacking and the relative performance of these
algorithms remains unclear.

In our analysis, we aimed to measure the accuracy of
PAH algorithms against true clinical diagnoses by using a
coded US EHR database with patient‐level linkage to a
clinical PH database, in which all patients had a recorded
RHC. We also compared our approach and key findings
with those using PheValuator.12 The ultimate aim of the
study was to develop guidance on the use of code‐based
algorithms for PAH patient identification.

METHODS

Study design

The cross‐sectional observational cohort study evaluated
code‐based PAH algorithms using patient data recorded
in two linkable data assets: the Stanford Healthcare
administrative EHR database and the Stanford Vera
Moulton Wall Center (VMWC) clinical PH database.
Data for the VMWC PH database are collected on a
regular basis from electronic medical records of patients
attending the Stanford University Medical Center and, as
such, represent the true diagnosis of patients. All patients
are clinically reviewed by experts in PH and phenotyped
as having PH. The Stanford EHR database uses:
International Classification of Disease (ICD) 9/10 codes
for diagnoses; Current Procedural Terminology (CPT),
ICD9/10 and HCPCS codes for procedures; and written
generic or brand names for medications.

Study population

Eligible patients were adults with a confirmed PH
diagnosis (mean pulmonary artery pressure ≥25mmHg,
per the definition used by the 2015 European Society of
Cardiology/European Respiratory Society guidelines,
which were the current guidelines at the time of study),13

based on ≥1 RHC performed at Stanford VMWC. Patients
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must have had ≥6 months of observation (with ≥1 visit in
that time) after their first RHC at Stanford VMWC,
unless they died, in which case they must have had
≥1 visit between the first RHC and death. Patients were
only eligible if their VMWC clinical records could be
linked to the Stanford EHR database, that is, if they had
records in both the clinical and the EHR database. This
was done using a study identifier mapped to the patients'
medical record numbers. Only records occurring after
the EHR became fully operational in January 2010 were
included; patients who underwent RHC before this time
were excluded.

Code‐based algorithms

This analysis tested six of the published code‐based
algorithms previously validated using PheValuator
(Table 1).12 The other algorithms tested using PheVa-
luator12 could not be validated because they either
required users to be able to distinguish between in‐ and
outpatient claims (and this level of detail was not
available in the Stanford EHR database) or they
contained administrative codes that were not used in
the Stanford EHR database (e.g., 416.9 for chronic
pulmonary heart disease, unspecified). Most of these
algorithms lacked or did not define temporal components
(e.g., maximum time between procedure and diagnosis),
and only one included a procedure (which was not an
additional requirement; it was included as an alternative
way for a patient to qualify if they did not have a
diagnostic code for PH) (Table 1). The present study
planned to refine the best‐performing of these six
algorithms, and these modifications included the addi-
tion of temporal components as well as mandatory
diagnostic and procedure codes. The performance of
these proposed algorithms (also shown in Table 1) was
also tested. The codes used in this analysis are listed in
Supporting Information S1: Table S1. PAH treatments
were defined as ambrisentan, bosentan, macitentan,
epoprostenol, iloprost, selexipag, treprostinil, sildenafil,
tadalafil, riociguat. ICD9 codes in published algorithms
were translated to ICD10 equivalents for this analysis.

Study outcomes

The primary objective was to determine the number of
correctly and incorrectly classified patients for each
algorithm, and to calculate sensitivity, specificity, PPV,
and negative predictive value (NPV) from these
numbers. “True” PAH patients were those that had a
PAH diagnosis in the clinical database. A secondary

objective was to assess the performance of each
algorithm for identification of patients with PAH when
excluding those who also had a PH Group 2–5 diagnosis
in the clinical database (Group 2 PH: PH due to left
heart disease, Group 3 PH: PH due to lung disease and/
or hypoxia, Group 4 PH: PH due to pulmonary artery
obstructions, Group 5 PH: PH with unclear and/or
multifactorial mechanisms).1 This analysis allowed us
to assess the performance of the algorithms in identify-
ing PAH patients who had no other PH‐associated
conditions. We also compared our methodology and
findings with those using PheValuator. The differences
in methodology between these studies are summarized
in Supporting Information S1: Table S2, with key
differences being in the patient population (Sprecher
et al. assessed the general population, while our
validation work assessed the PH population), PAH
prevalence in the databases (much lower in the database
used by Sprecher et al. compared with ours), and the
method used to identify “true” PAH patients (RHC‐
confirmed diagnosis in our study and PheValuator
mathematical modeling in Sprecher et al.).12

Study analysis

We compared the algorithms' sensitivity, specificity, PPV
and NPV, calculated as described in Supporting Informa-
tion S1: Figure S1. The gold standard was the clinical
result and judgment (i.e., RHC‐confirmed diagnosis)
documented in the VMWC database. We presented 95%
confidence intervals (calculated using the Wald method)
for all estimates of algorithm performance. The patient
characteristics of true positives and true negatives identi-
fied by a group of selected algorithms (selected since they
represent a range of sensitivities and specificities) were
compared with the total cohort of PAH and non‐PAH
patients, respectively. All analyses were performed in SAS
version 9.4 (SAS Institute) and R version 4.1.1 software
(R Project for Statistical Computing).20

RESULTS

A total of 720 RHC‐confirmed patients with PH had
linked data available and were included in the
analysis; of these, 558 (78%) were patients with PAH
(Figure 1). Among these PAH patients, 141 (25%)
were also diagnosed with another PH Group at some
point in their medical history (Supporting Informa-
tion S1: Table S3).

Baseline characteristics for PAH and other PH
patients are presented in Table 2. Compared with other
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TABLE 1 Published PAH algorithms for assessment.

Algorithm ID Algorithm
Example publication,
PMID

Published PAH algorithms

1 ≥1 primary PH ICD code 2785183814

2 ≥1 primary PH or other secondary PH/pulmonary heart disease ICD code 2867869215

3 ≥1 primary PH, secondary PH/pulmonary heart disease or chronic pulmonary heart disease
ICD code

2876284816

OR ≥ 1 RHC

AND ≥ 1 PAH treatment

4 ≥1 primary PH, secondary PH/pulmonary heart disease or chronic pulmonary heart disease
ICD code

2948590817

AND ≥ 1 ICD code for PAH‐associated diseases

AND ≥ 1 PAH treatment

AND no ICD codes for Group 2–5 PH‐associated diseases

AND first diagnosis claim must be before first pharmacy claim

5 ≥1 primary PH, secondary PH/pulmonary heart disease or chronic pulmonary heart disease
ICD code

3056651018a

AND ≥ 1 calcium channel blocker OR ≥ 1 PAH treatment

AND no ICD codes for Group 2–5 PH‐associated diseases

6 ≥1 primary PH, secondary PH/pulmonary heart disease or chronic pulmonary heart disease
ICD code in 6 months before index date

3042165219

AND ≥ 1 PAH treatment (first = index date)

AND continuous enrollment for ≥6 months before and ≥12 months following index date

Proposed (unpublished) PAH algorithms

7 ≥1 primary PH ICD code N/A

AND ≥ 1 RHC OR ≥ 1 TTE

AND ≥ 1 diagnostic code must be within 180 days following RHC/TTE

7b ≥1 primary PH ICD code N/A

AND ≥ 1 RHC OR ≥ 1 TTE

AND no ICD codes for Group 2–5 PH‐associated disease

AND ≥ 1 diagnostic code must be within 180 days following RHC/TTE

8 ≥1 primary PH ICD code N/A

AND ≥ 1 RHC OR ≥ 1 TTE

AND ≥ 1 diagnostic code must be within 365 days following RHC/TTE

9 ≥2 primary PH or other secondary PH/pulmonary heart disease ICD codes N/A

AND ≥ 1 RHC OR ≥ 1 TTE

AND ≥ 1 of the primary/secondary PH diagnosis ICD codes within 180 days after RHC/TTE

9b ≥2 primary PH or other secondary PH/pulmonary heart disease ICD codes N/A

AND ≥ 1 RHC OR ≥ 1 TTE

AND no patients with Group 2–5 PH‐associated disease ICD codes

AND ≥ 1 of the primary/secondary PH ICD codes within 180 days after RHC/TTE
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PH patients, PAH patients were younger on average
(mean age at RHC: 49.8 vs. 63.7 years) and a higher
percentage were female (75.3% vs. 54.9%).

Performance of published algorithms

Table 3 shows the performance of the six published PAH
algorithms in distinguishing all PAH patients (i.e., all
those with a PAH diagnosis, regardless of whether they
also had another PH Group diagnosis) from other PH
patients, and Table 4 shows the equivalent data when
excluding PAH patients who also had another PH

Group diagnosis in the database. The findings were very
similar regardless of the exact specification of the PAH
cohort, that is, all PAH or PAH‐only. Hereafter, we
describe performance in the all‐PAH group, unless
otherwise stated.

The most inclusive algorithm, Algorithm 2, which
required at least one ICD code related to primary or
secondary PH, had the highest sensitivity and lowest
specificity. With increasing algorithm complexity, sensi-
tivity decreased and specificity increased. The two
algorithms that excluded patients with codes for disease
associated with Group 2–5 PH (Algorithms 4 and 5)
performed best in terms of specificity (0 false positives,

TABLE 1 (Continued)

Algorithm ID Algorithm
Example publication,
PMID

10 ≥2 primary PH or other secondary PH/pulmonary heart disease ICD codes N/A

AND ≥ 1 RHC

AND ≥ 1 PAH treatment

AND ≥ 1 of the primary/secondary PH ICD codes within 180 days after RHC

11 ≥1 primary PH ICD code N/A

AND ≥ 1 RHC

AND ≥ 1 PAH treatment

AND ≥ 1 diagnostic code must be within 180 days following RHC

12 ≥1 primary PH or other secondary PH/pulmonary heart disease ICD code N/A

AND ≥ 1 RHC OR ≥ 1 TTE

AND ≥ 1 PAH treatment

AND PAH treatment must be after RHC/TTE

13 ≥1 primary PH, secondary PH/pulmonary heart disease or chronic pulmonary heart disease
ICD code

N/A

AND ≥ 1 RHC

AND ≥ 1 PAH treatment

AND RHC must be followed by treatment record and pharmacy claim must be within 60
days of RHC

13b ≥1 primary PH or other secondary PH/pulmonary heart disease ICD code N/A

AND ≥ 1 RHC

AND ≥ 1 PAH treatment

AND RHC must be followed by treatment record and pharmacy claim must be within 60
days of RHC

Note: Color coding—blue, diagnosis code; green, procedure code; yellow, pharmacy claim; orange, exclusionary code; grey, temporal component. ICD9 codes
in published algorithms were translated to ICD10 equivalents.

Abbreviations: ICD, International Classification of Diseases; PAH, pulmonary arterial hypertension; PH, pulmonary hypertension; PMID, PubMed
identification; RHC, right heart catheterization; TTE, transthoracic echocardiography.
aSong et al. also exclude patients with comorbidities associated with secondary PAH (e.g., PAH associated with connective tissue diseases); however, as we are
not aiming to identify idiopathic PAH, we did not use this part of the algorithm in our analysis.
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specificity: 100%) but missed over 90% of true PAH
patients (sensitivity 4%–7%) (Table 3, and Supporting
Information S1: Table S4). Algorithms 3 and 6, which
included multiple components, performed better in
terms of achieving reasonable sensitivity (95%) as well
as specificity (38%) (Supporting Information S1:
Table S3). However, they still falsely classified 126 of
720 (17.5%) patients as PAH or other PAH (Supporting
Information S1: Table S4).

The corresponding PPVs ranged from 78% (Algorithm
2, most inclusive) to 100% (Algorithms 4 and 5), and
NPVs ranged from 0% (Algorithm 2) to 70.4% (Algo-
rithms 3 and 6) (Table 3). It should be noted that PPVs
are directly proportional to disease prevalence (and NPVs
inversely proportional); as such, PPVs are uniformly high
in this database of 78% PAH patients.

FIGURE 1 Study cohort derivation flow diagram. *Patients
with a PAH diagnosis and no PH WHO Group II–V diagnosis at
any point in their medical history. †Patients with a PAH
diagnosis and a PH WHO Group II–V diagnosis at any point in
their medical history. EHR, electronic health record; PAH,
pulmonary arterial hypertension; PH, pulmonary hypertension;
WHO, World Health Organization.

TABLE 2 Patient demographics and characteristics at the time
of PH/PAH diagnosis, unless otherwise stated.

Demographic/
characteristic

Total PH cohort (N= 720)

PAH
(n= 558)

Other PH
(n= 162)

Mean (SD) age at RHC,
years

49.82 (15.90) 63.65 (13.12)

Female, n (%) 420 (75.3) 89 (54.9)

Race, n (%)

White 291 (52.2) 87 (53.7)

Asian 65 (11.6) 15 (9.3)

Black 29 (5.2) 18 (11.1)

Hawaiian or Pacific
Islander

9 (1.6) 1 (0.6)

Native American 7 (1.3) 1 (0.6)

Other 124 (22.2) 31 (19.1)

Unknown 33 (5.9) 9 (5.6)

Ethnicity, n (%)

Hispanic or Latino 109 (19.5) 22 (13.6)

Not Hispanic or
Latino

406 (72.8) 133 (82.1)

Unknown 43 (7.7) 7 (4.3)

PH subgroup
diagnosis,a n (%)

Group 1 PH 558 (100.0) 0 (0)

Group 2 PH 62 (11.1) 85 (52.5)

Group 3 PH 111 (19.9) 82 (50.6)

Group 4 PH 12 (2.2) 41 (25.3)

Group 5 PH 16 (2.9) 26 (16.0)

Mean (SD) BMI, kg/m2 28.96 (7.73) 31.57 (8.62)

NYHA FC, n (%)

I/II 137 (24.6) 32 (19.8)

III/IV 336 (60.2) 105 (64.8)

Missing 85 (15.2) 25 (15.4)

Mean (SD) 6MWD, m 360.72 (144.92) 313.31 (137.62)

Mean (SD)
RAP, mmHg

9.26 (5.27) 10.78 (4.93)

Mean (SD)
PAP, mmHg

49.90 (14.77) 40.96 (11.71)

Mean (SD)
PAWP, mmHg

11.28 (4.77) 15.72 (6.53)

Mean (SD) CO, L/minb 3.84 (1.42) 4.30 (1.50)
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Performance of additional proposed
(unpublished) algorithms

The performance of the proposed additional
(unpublished) PAH algorithms is shown in Table 3. As
observed with the published algorithms, simpler algo-
rithms (Algorithms 7, 8, and 9) were more sensitive and
less specific than more complex algorithms and vice
versa, with algorithms involving exclusionary codes
being the most specific and least sensitive ones (Algo-
rithms 9b and 7b). Algorithms performed similarly
regardless of whether they were distinguishing PAH‐
only (Table 4) or all PAH (Table 3) from other PH.

Several algorithms demonstrated a balance between
sensitivity and specificity, as displayed in the sensitivity‐
specificity plot (Figure 2a). Algorithms 3 (PAH treatment
and either PH diagnosis or RHC procedure code) and 6
(PH diagnosis, PAH treatment and continuous enroll-
ment for a specified length of time) performed best in
terms of fewest misclassified patients (Supporting Infor-
mation S1: Table S4). The sensitivity‐specificity plot helps
illustrate the “redundant” algorithms that have worse
sensitivity and specificity than similar algorithms. For
example, while Algorithms 11 and 12 both have a
balance of sensitivity and specificity, Algorithm 11
outperforms Algorithm 12 in both measures.

Algorithms 1, 3, 5, 8, 11, and 13b were selected for
further assessment as they provide a range across the
sensitivity‐specificity plot. Alluvial plots showing change
in performance for the selected algorithms are shown in

Figure 2b. Algorithm 8, as the most sensitive and least
specific of those selected, identified the highest percent-
age of true positives (77%), but also the highest
percentage of false positives (22%). Algorithm 5, at the
opposite end of the spectrum, identified the fewest true
positives (5%) and the most negatives—both true (23%)
and false (72%) negatives. Algorithms 3 and 11 perform
better in terms of balancing the need for reasonable
sensitivity and specificity. Figure 2c,d illustrates the
effect of excluding codes for disease associated with PH
Groups 2–5. Algorithms 7 and 9 identify almost all
patients as PAH with a consequently high percentage of
false positives; Algorithms 7b and 9b identify the vast
majority of patients as other PH with a high percentage
of false negatives due to the addition of exclusionary
codes.

Characteristics of true positives and true
negatives identified by selected algorithms

Supporting Information S1: Table S5 shows the patient
characteristics of true positives identified by the selected
algorithms (1, 3, 5, 8, 11, and 13b) compared with the
total cohort of true PAH patients. The various cohorts of
true positives were broadly consistent with the total
cohort of PAH patients, except for the smallest cohort
identified by Algorithm 5 (n= 38), with patients slightly
younger, who had a higher 6‐min walk distance and
lower NT‐proBNP levels on average, and a lower
percentage were white. The characteristics of true
negatives versus the total other PH (non‐PAH) cohort
are shown in Supporting Information S1: Table S6.
Characteristics were again broadly similar, with the
exception of the smallest cohorts of true negatives
identified by Algorithms 8 (n= 3) and 1 (n= 19). None
of these patients identified by Algorithms 1 and 8 were in
New York Heart Association functional class (NYHA FC)
I or II, whereas 25% of the full PAH cohort were in
NYHA FC I/II.

DISCUSSION

Summary of findings

Researchers have designed and used a wide range of
code‐based algorithms for identification of PAH patients
in administrative databases; however, data on the
accuracy of the proposed algorithms are largely lacking.
This study evaluated the performance of 16 PAH
algorithms in a coded US EHR database linked with a
clinical PH database, in which all patients had

TABLE 2 (Continued)

Demographic/
characteristic

Total PH cohort (N= 720)

PAH
(n= 558)

Other PH
(n= 162)

Mean (SD) CI,
L/min/m2b

2.12 (0.70) 2.20 (0.65)

Mean (SD) PVR, WUb 11.44 (6.48) 6.94 (4.44)

Note: Group 1 PH, PAH; Group 2 PH, PH due to left heart disease; Group 3
PH, PH due to lung disease and/or hypoxia; Group 4 PH, chronic
thromboembolic PH; Group 5 PH, PH due to unclear multifactorial
mechanisms.

Abbreviations: 6MWD, 6‐min walk distance; BMI, body mass index; CI,
cardiac index; CO, cardiac output; PAP, pulmonary arterial pressure; NYHA
FC, New York Heart Association functional class; PAH, pulmonary arterial
hypertension; PAWP, pulmonary artery wedge pressure; PH, pulmonary
hypertension; PVR, pulmonary vascular resistance measured; RAP, right
atrial pressure; RHC, right heart catheterization; SD, standard deviation;
WU, wood units.
aPatients could have more than one PH group diagnosis in their records
(e.g., Group 1 PAH and Group 3 PH), hence the percentages may sum to
over 100%.
bMeasured by Fick method.
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undergone RHC and, as such, is the first study of its
kind. The accuracy of algorithms varied widely and
several of the PAH algorithms had either very low
specificity (<0.20) and high sensitivity (>0.95) or very
low sensitivity (<0.10) and high specificity (1.00) in this
PH database (with 78% PAH patients). Some of the
algorithms in the literature perform better than others,
regardless of the measure used. Specifically, Algorithm
11 clearly outperforms Algorithm 12 in terms of both
sensitivity and specificity, as illustrated in Figure 2a.
Figure 2a also shows that Algorithm 5 is a slightly better
choice than Algorithm 4, and that Algorithms 3 and 6

perform slightly better than Algorithm 10. There were a
number of algorithms that showed a reasonable balance
for sensitivity and specificity, and most of these
consisted of well‐defined temporal sequences of proce-
dure, diagnosis, and treatment codes (Algorithms 3, 6,
11, 12, 13, and 13b). This finding is in line with expert
recommendations for PAH algorithm development.21

Notably, only two of these six balanced algorithms
(Algorithms 3 and 6) were published at the time of the
study. Therefore, this suggests that the algorithms
currently described in the literature may require
additional fine‐tuning.

TABLE 3 Performance of code‐based algorithms for identification of all PAH patients in database (including those with a PH Group 2–5
diagnosis), as measured by RHC, ranked by sensitivity.

Note: These results are based on a PH population with a PAH prevalence of 78%. Clock symbolizes temporal component. Red borders are to highlight high
sensitivities and specificities.

Abbreviations: CI, confidence interval; Dx, diagnostic code; Excl, exclusionary codes; NPV, negative predictive value; PAH, pulmonary arterial hypertension;
PH, pulmonary hypertension; PPV, positive predictive value; RHC, right heart catheterization; Rx, pharmacy claim; TTE, transthoracic echocardiography.
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Findings in context of other literature

Our findings complement previous validation work which
used PheValuator—a diagnostic predictive modeling tool—
as the ground truth.12 As the study by Sprecher et al. was
conducted in a general population, in which PAH is rare (in
contrast to our study of a PH database with a dis-
proportionately high percentage of PAH patients) (Support-
ing Information S1: Table S2), the actual performance
metrics are not directly comparable. However, although the
sensitivity‐specificity trade‐off was less pronounced in the
PheValuator study than reported here (wherein some

algorithms had a sensitivity of 0.000 and a specificity of
exactly 1.000), both studies demonstrated that sensitivity
decreases and specificity increases with increasing algo-
rithm complexity. As such, the most inclusive algorithm
(Algorithm 2; ≥1 diagnostic code for primary PH or other
secondary PH/pulmonary heart disease) was the most
sensitive algorithm in both studies,12 and the least specific
algorithm in our study as it identified all PH patients as
PAH patients. Therefore, this algorithm is unlikely to be
useful as a PAH algorithm in most research. This is in line
with other previous validation work.6,22,23 Of the multi-
component algorithms assessed by Sprecher et al.,

TABLE 4 Performance of code‐based algorithms for PAH identification, when excluding those PAH patients who also have a PH Group
2–5 diagnosis, as measured by RHC, ranked by sensitivity.

Note: These results are based on a PH population with a PAH prevalence of 72%. Clock symbolizes temporal component.

Abbreviations: CI, confidence interval; Dx, diagnostic code; Excl, exclusionary codes; NPV, negative predictive value; PAH, pulmonary arterial hypertension;
PH, pulmonary hypertension; PPV, positive predictive value; RHC, right heart catheterization; Rx, pharmacy claim; TTE, transthoracic echocardiography.
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Algorithms 3 and 6 demonstrated mid‐range sensitivity and
PPVs.12 This is also in line with our observation that—in
terms of balanced performance—these algorithms were the
best of the six published algorithms that we assessed. Both
studies also identified the algorithms that used exclusionary
codes (Algorithms 4 and 5) as the least sensitive algorithms.

Other validation works by Papani et al.23 and
Gillmeyer et al.6 also support the finding that multi-
component algorithms performed best across all per-
formance parameters. Papani et al. developed a set of

algorithms using the EHRs from the University of Texas
Medical Branch (PAH prevalence, 28%), and validated
them in the University of Virginia Health System (15.8%
prevalence). They found that algorithms including ICD
codes, EHR encounter diagnosis (initial diagnosis/suspicion
at first clinic visit), procedure codes for RHC and
transthoracic echocardiography, and PAH‐specific medica-
tions performed best (in terms of sensitivity and PPV)
compared with ICD codes alone, ICD plus PAH medica-
tion, and ICD plus EHR encounter diagnosis plus PAH

(a) (b)

(c) (d)

FIGURE 2 Further investigation of selected algorithms. (a) Sensitivity‐specificity plot of all algorithms, with an arrow indicating
algorithms selected for further investigation, (b) Alluvial plot for selected algorithms (selected to represent a range across the
sensitivity‐specificity plot) showing the change in performance associated with different algorithms and their components, (c, d) the impact
of adding exclusionary codes to the performance of Algorithms 9 (c) and 7 (d).
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medication.23 Gillmeyer et al. developed and validated a set
of increasingly complex algorithms in all Veterans Health
Administration hospitals and the Boston Medical Center.
Each algorithm was validated using clinical data from a
random sample of 50 patients from the corresponding
database. Gillmeyer et al.6 found that ICD codes alone
performed poorly, the addition of RHC code led to slight
improvements in PPV, and the best performing algorithm
in both settings included PAH medications and RHC.

While some algorithms are unquestioningly less
suitable than other algorithms in most research, it is not
possible to identify or recommend a “universal” PAH
algorithm for all research, from our or any other validation
study, as the choice of algorithm should always be aligned
with the research question being investigated. However,
these study findings can help researchers determine the
algorithm that is most fit‐for‐purpose. For example, for
studies that require the PAH cohort to contain as few non‐
PAH patients as possible (e.g., to compare time‐to‐diagnosis
between PAH patients and patients with other types of
pulmonary heart diseases), researchers should consider a
complex algorithm with high specificity. However, re-
searchers should be aware that exclusionary codes will
remove many PAH patients with comorbidities, thus
sacrificing sensitivity for specificity and including a
selection bias that limits generalizability of results. There-
fore, algorithms that combine multiple components, such
as diagnostic, procedure, and treatment codes plus a
temporal component (e.g., Algorithms 11 and 13) may be
assessed against those that use exclusionary codes (e.g.,
Algorithm 9b). In contrast, a simpler algorithm with high
sensitivity may be appropriate in other studies where a
large, diverse pool of PAH patients is required as a
“baseline” cohort, from which sub‐types will be identified
and compared. For example, studies looking at PAH
treatment patterns may examine a large baseline cohort,
and then apply further eligibility criteria to compare PAH
treatment patterns among different subgroups of the initial
pool. For these types of studies, more inclusive algorithms
that allow a broader range of diagnostic and/or procedure
codes and potentially include treatment codes and temporal
components (e.g., Algorithms 3, 6, and 10) may be
considered, while those with exclusionary codes or more
complex requirements should be avoided.

We selected six algorithms (that represented a wide
range of sensitivities and specificities) and compared the
characteristics of the true positives and true negatives
identified by these algorithms with those of the total pool
of true PAH and other (non‐PAH) PH patients,
respectively. There was a natural variation in the clinical
characteristics of correctly identified PAH and other PH
patients across the different algorithms, and the char-
acteristics of these cohorts were broadly consistent with

those of their respective total pools of true PAH and true
other (non‐PAH) PH patients. This correlation demon-
strates that the correctly identified patients are repre-
sentative of the overall population of PAH patients at
Stanford. The exceptions to this were the algorithms that
only identified a small number of true PAH or true other
(non‐PAH) PH patients, thus demonstrating the potential
for bias when selecting an algorithm.

Strengths and limitations

Limitations of our study include that it represents the
experience of a single center, and therefore this study
cohort may not represent PH populations in other
databases. For example, all patients in our study under-
went RHC, whereas this might not be the case in other
centers. This study cohort also does not reflect the real‐
world prevalence of PAH among PH patients, as the
majority of patients in the Stanford PH database had
PAH. This particularly high prevalence of PAH is part of
the reason that PPVs (which are directly proportional to
disease prevalence) are uniformly high in our data set.
Therefore, we focused on sensitivity and specificity. As
our study was performed in a PH database, the
performance of the algorithms described herein will
likely not be generalizable to other non‐PH databases
(e.g., a general claims database). A major strength of our
study is that we used RHC, the gold standard diagnostic
test for PAH,1 to validate the algorithms for patient
identification. Therefore, our findings help to ensure that
research in coded healthcare databases is fit for purpose,
and demonstrate the importance of validating a new
algorithm using the gold standard diagnostic test where
possible. Another advantage of our study is the relatively
large sample size of the clinical registry for a disease with
several rare subgroups (including PAH).

Impact of findings

There is a diverse range of code‐based algorithms for
PAH in the literature, but few are validated.22 It is
important to improve research based on administrative
data since it offers the opportunity to study a large,
representative sample of PAH patients, including racial
and ethnic groups that have been underrepresented in
clinical registries.6 Moreover, algorithms must be able to
distinguish PAH from PH Group 2–5, since PAH is
distinct from them in treatment options, prognosis, and
epidemiology.1 Our study helps address the unmet need
to identify a range of universally accepted algorithms, so
that we can move towards standardization of claims/
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administrative‐based research in PAH. Additional vali-
dation work in different databases and healthcare
settings is warranted to further improve cohort identifi-
cation for a given research question, as previous work
has shown that the same algorithm can perform
differently in different databases.6

We have also provided guidance on selecting the most
suitable algorithm for a given research question and on
interpreting research conducted in claims/administrative
databases. Based on our findings, we have made three
key recommendations for researchers while selecting/
designing and reporting their algorithms (Table 5).

Future work should focus on the application of
machine‐learning methods to help refine and create
algorithms for improved identification of PAH pa-
tients.24,25 The more accurately PAH patients can be
identified in coded databases, the more accurately
machine‐learning models can be developed, trained,
and applied. Kogan et al. used machine learning to
develop a model to detect undiagnosed PH based on
patients' EHR data.26 Once finalized, this model could be
applied to EHRs from a network of hospitals, for
example, to identify patients who should be investigated
for PH and potentially reduce diagnostic delay in PAH.
The success of such a machine learning model heavily
relies on the way patients are identified based on
administrative codes. Therefore, further code‐based
characterization of true PAH patients, such as that
described here, could help refine these models.

This study helps move us closer to having a range of
universally accepted code‐based algorithms for identify-
ing PAH patients in coded administrative databases, such
as health insurance claims or EHR databases, and
demonstrates the importance of aligning the choice of
PAH algorithm with the research question. Importantly,
this study also demonstrates that addition of defined
temporal components (i.e., timing and order of codes)

improves algorithm performance, and thus highlights the
need to address the lack of this crucial information in
published descriptions of PAH algorithms. Ultimately,
our findings can help inform guidance on research in
code‐based databases, which is particularly important for
rare diseases such as PAH.
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