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Machine learning of biomarkers and clinical observation to predict
eosinophilic chronic rhinosinusitis: a pilot study

Ryan M. Thorwarth, MD', Derek W. Scott, BA?, Devyani Lal, MD'+2

and Michael J. Marino, MD'+2

Background: Subtyping chronic rhinosinusitis (CRS) by tis-
sue eosinophilia has prognostic and therapeutic implica-
tions, and is difficult to predict using peripheral eosinophil
counts or polyp status alone. The objective of this study was
to test machine learning for prediction of eosinophilic CRS

(eCRS).

Methods: Input variables were defined as peripheral
eosinophil count, urinary leukotriene E4 (ULTE4) level, and
polyp status. The output was diagnosis of eCRS, defined as
tissue eosinophil count >10 per high-power field. Patients
undergoing surgery for CRS were retrospectively reviewed
for complete datasets. Univariate analysis was performed
for each input as a predictor of eCRS. Logistic regres-
sion and artificial neural network (ANN) machine learning
models were developed using random and surgeon-specific
training/test datasets.

Results: A total of 80 patients met inclusion criteria. In
univariate analysis, area under the receiver operator char-
acteristic curve (AUC) for peripheral eosinophil count and
uLTE4 were 0.738 (95% confidence interval [Cl], 0.616 to
0.840) and 0.728 (95% Cl, 0.605 to 0.822), respectively.
Presence of polyps was 94.1% sensitive, but 51.7% spe-
cific. Logistic regression models using random and surgeon

specific datasets resulted in AUC of 0.882 (95% Cl, 0.665
to 0.970) and 0.945 (95% Cl, 0.755 to 0.995), respectively.
ANN models resulted in AUC of 0.918 (95% Cl, 0.756 to
0.975) and 0.956 (95% Cl, 0.828 to 0.999) using random and
surgeon-specific datasets, respectively. Model comparison
of logistic regression and ANN was not statistically differ-
ent. All machine learning models had AUC greater than uni-
variate analyses (all p < 0.003).

Conclusion: Machine learning of 3 clinical inputs has the
potential to predict eCRS with high sensitivity and speci-
ficity in this patient population. Prospective investigation
using larger and more diverse populations is warranted.
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hronic rhinosinusitis (CRS) is traditionally and most

commonly subtyped according to phenotypic classifi-
cation of patients with (CRSwNP) and without nasal polyps
(CRSsNP). Recently, there has been interest in CRS en-
dotypes that more accurately parallel underlying inflam-
matory mechanisms.! Structured histopathology reports
have also been used to identify pathologic features of
specimens collected during endoscopic sinus surgery (ESS)
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and how this information can be used by clinicians for
prognosis.*® Nevertheless, clinical trials of targeted bio-
logic therapies for CRS continue to use phenotypic classi-
fication as study inclusion criteria.” The widespread use of
an endotype approach to disease classification in routine
clinical practice also remains limited.

Identifying patients with an eosinophilic CRS (eCRS)
subtype has been of particular interest. The subtype is
associated with more severe symptoms, higher likeli-
hood of resistance to treatment, and more frequent disease
recurrence.*® Various cutoff values for the number of tissue
eosinophils have been used to define eCRS, although there
is recognition that identifying this subtype may inform the
physician about prognosis, treatment decisions, and clin-
ical monitoring posttreatment.*%° Nasal polyps have been
associated with eCRS; however, 10% to 50% of CRSwNP
patients do not have tissue eosinophilia.’>!° Conversely,
lymphocytic and lymphoplasmacytic inflammatory cell
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predominance presented as CRSWNP in up to 30% of
cases,'! and tissue eosinophilia was present in 18% of
patients with CRSsNP.® To this extent the CRS phenotype
does not completely parallel an underlying eosinophilic
endotype.

Numerous biomarkers for eCRS have been investigated,
including total serum immunoglobulin E (IgE), erythro-
cyte sedimentation rate (ESR), C-reactive protein (CRP),
and serum peripheral eosinophil count. IgE, ESR, and CRP
were all generally poor predictors of tissue eosinophilia.!'”
Peripheral eosinophil count has been shown to be a fair
predictor of tissue eosinophilia by receiver operator char-
acteristic (ROC) analysis, although sensitivity and speci-
ficity does not simultaneously exceed 80%.%!° Separately,
urinary leukotriene E4 (uLTE4) has been described as
a biomarker for aspirin-exacerbated respiratory disease
(AERD),'>!3 and shown to be elevated in CRS patients
with comorbid asthma or allergy.'* Tissue LTE4 has been
used to differentiate patients with eosinophilic and non-
eosinophilic CRSWNP,'>1¢ and is correlated with inter-
leukin 5 (IL-5) expression.!” uLTE4, however, has not been
specifically studied as a noninvasive biomarker for tissue
eosinophilia in CRS patients.

A sensitive and specific noninvasive biomarker strategy
for the identification of CRS patients with an eosinophilic
endotype would aid prognosis and individualizing treat-
ment. An endotype approach to CRS classification will
be increasingly important as targeted biologic therapies
become available, and may identify patients that do not
meet current criteria for these agents. Potential nonin-
vasive biomarkers have been described for defining CRS
subtypes, although achieving simultaneous high sensitivity
and specificity for tissue eosinophilia has been challenging.
Supervised machine learning is a subset of artificial intel-
ligence that aims to use training input and output data in
order to make predictions from new input data. Machine
learning is beginning to be used in otolaryngology,'®!* and
rhinology-specific applications remain limited.?%?! The
aim of this study was to determine if a machine learning ap-
proach could be used to make accurate predictions of tissue
eosinophilia from peripheral eosinophil counts, uLTE4 lev-
els, and polyp status. A secondary objective was to describe
the predictive ability of uLTE4 for tissue eosinophilia.

Patients and methods

Patients having ESS for the treatment of CRS from July
1, 2011, through November 1, 2019, were retrospectively
identified. Input variables were defined as absolute periph-
eral eosinophil count, uLTE4 level, and notation of the
presence of polyps on initial in-office nasal endoscopy.
Eosinophil count (cells x 10°/L) and uLTE4 level (pg/mg
creatinine) were reported as continuous variables, whereas
polyp status was recorded as a binary categorical variable.
The outcome variable was defined as tissue eosinophil
count as reported on surgical structured histopathology
reports as described by Snidvongs et al.* Patients with

all 3 input variables and the outcome variable of tissue
eosinophil count were considered for study inclusion in
a pilot investigation of this select population. Exclusion
criteria were age <18 years and diagnoses of granulomato-
sis with polyangiitis, eosinophilic granulomatosis with
polyangiitis, and sarcoidosis.

Tissue eosinophil count was completed in an analogous
fashion to that reported by Soler et al.?> At the time of
surgery, a sample of ethmoidal cavity mucosa was ob-
tained. The sample was fixed in formalin and underwent
hematoxylin-eosin staining. The slides were then reviewed
by a board-certified pathologist (Matthew Zarka, M.D.
Department of Pathology, Mayo Clinic, AZ) with an in-
terest in head and neck pathology. Initial assessment on
low power (magnification x40) was performed in order to
identify an area of densest cellular infiltrate. The number
of eosinophils averaged over 2 high-power fields (HPFs)
(magnification x400) was then obtained and dichotomized
to <10 or >10 eosinophils per HPF. Patients with tissue
eosinophil counts >10 per HPF were considered to have an
eCRS subtype based on previous publications identifying
this as a relevant cutoff point,*?223

Demographic and clinical characteristics were recorded
from the medical record. Clinical diagnoses of interest in-
cluded allergic fungal rhinosinusitis (AFRS), allergic rhini-
tis, asthma, and aspirin-exacerbated respiratory disease
(AERD). Active prescriptions for leukotriene receptor an-
tagonists, zileuton, and monoclonal antibodies to IgE, IL-5,
and IL-4/13 at the time of laboratory collection for periph-
eral eosinophil count and uLTE4 were recorded.

Univariate analysis was performed for peripheral
eosinophil count, uL'TE4 level, and polyp status as a predic-
tor of eCRS. Receiver operator characteristic (ROC) curve
and area under the ROC curve (AUC) were used to eval-
uate the continuous variables. The optimal cut point was
selected using Youden’s J statistic, and sensitivity and speci-
ficity relative to the optimal cut point were calculated. Sen-
sitivity and specificity of polyp status as a predictor of eCRS
were also calculated.

The entire study population was then randomly divided
into training and test datasets, with two-thirds assigned to
the training data and one-third assigned to the test pop-
ulation (Fig. 1). Machine learning models, 1 using binary
logistic regression and a second using an artificial neural
network (ANN), were developed from the training data.
The models were then used within the test data to predict
eCRS from the 3 input variables. The AUC was calculated
for each model, in addition to the sensitivity, specificity,
and accuracy of the model’s predictions. A second experi-
ment was conducted where both binary logistic regression
and ANN were trained using 1 surgeon’s population (ac-
counting for 75% of the total dataset) to make predic-
tions in another surgeon’s population (Fig. 1). Again the
AUC, sensitivity, specificity, and accuracy were calculated.
The nonparametric DeLong test was used to compare AUC
values between machine learning models and univariate
analyses, to determine if there were statistically significant
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FIGURE 1. Schematic diagram of the study workflow for dividing patients into model development groups.

differences. ANN function parameters were also tested us-
ing cross-validation with a one-third holdback method.

Statistical analyses, including development of machine
learning models, were performed using JMP Pro, version
14.1.0 (SAS Institute Inc., Cary, NC). Binary logistic re-
gression was performed and the whole model was assessed
using the likelihood ratio chi-square statistic. The individ-
ual regression coefficients (8) were calculated for each re-
gression parameter and tested using the Wald chi-square
statistic. In all instances ANNs were developed with a sin-
gle layer using sigmoid activation functions, learning rate
set to 0.1, and without boosting (Fig. 2). Comparison of
2 continuous variables was performed using Student ¢ test,
whereas 2 categorical variables were compared with chi-
square test. Values of p <0.05 were considered significant.
The study was approved by the institutional review board
of the Mayo Clinic, Phoenix, AZ.

Results

A total of 761 patients had ESS for treatment of CRS
within the study period. Within that dataset, 80 patients

Urinary LTE4 Level

Peripheral Eosinophil Count

FIGURE 2. Schematic diagram of artificial neural network depicting input
variables, single hidden layer, and prediction output.

were identified as having all the input and output variables.
A total of 60 patients were under the care of 1 attending
surgeon, while the remaining 20 patients were under the
care of a second attending surgeon (Fig. 1). All patients
were >18 years of age, and no patient had an exclusion
diagnosis. The demographic and clinical characteristics of
the entire study population are shown in Table 1.
Univariate ROC analysis of peripheral eosinophil count
as a predictor of eCRS was statistically significant (p <
0.001) with an AUC of 0.738 (95% confidence interval
[CI], 0.616 to 0.840), and the optimal cut point was cal-
culated to be 0.52 cells x 10°/L. ROC analysis of uLTE4
level was also statistically significant (p < 0.001) with an
AUC of 0.728 (95% CI, 0.605 to 0.822), and the optimal
cut point was calculated to be 106 pg/mg creatinine. The
sensitivity and specificity of polyp status, in addition to

TABLE 1. Demographic and clinical characteristics of the
study population

Characteristic Value
Age (years), mean & SD 482 +15.8
Male, n (%) 42 (52.5)
Female, n (%) 38 (47.5)
Nasal polyps, n (%) 62 (77.5)
Asthma, n (%) 59 (73.8)
Allergic rhinitis, n (%) 24 (30.0)
Aspirin-exacerbated respiratory disease, n (%) 21(26.3)
Peripheral eosinophil count (cells x 10%/L), mean 4 SD 0.56 + 0.45
Urinary LTE4 level (pg/mg creatinine), mean + SD 219.0 £ 757.1
Tissue eosinophil count >10 per HPF, n (%) 51 (63.8)

HPF = high-power field; LTE4 = leukotriene E4; SD = standard deviation.
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TABLE 2. Predictive ability of univariate and multivariate machine learning models for eCRS

Model AUC (95% ClI)

Sensitivity (95% Cl) (%) Specificity (95% Cl) (%)

Univariate peripheral eosinophil count 0.738 (0.616-0.840)

51.0 (37.7-64.1)

86.2 (69.4-94.5)

Univariate urinary LTE4 level 0.728 (0.605-0.822)

56.9 (43.3-69.5)

86.2 (69.4-94.5)

Univariate polyp status N/A

94.1 (84.1-98.0)

51.7 (34.4-68.6)

Logistic regression (random dataset) 0.882 (0.665-0.970)

82.4 (56.6-96.2)

80.0 (44.4-97.5)

ANN (random dataset) 0.918 (0.756-0.975)

88.2 (63.6-98.5)

80.0 (44.4-97.5)

Logistic regression (surgeon-specific dataset) 0.945 (0.755-0.995)

84.6 (54.6-98.1)

85.7 (42.1-99.6)

ANN (surgeon-specific dataset) 0.956 (0.828-0.999)

92.3 (65.0-99.8)

85.7 (42.1-99.6)

ANN = artificial neural network; AUC = area under the curve receiver operator characteristic curve; Cl = confidence interval; eCRS = eosinophilic chronic rhinosinusitis;

LTE4 = leukotriene E4; N/A = not applicable.

peripheral eosinophil count and uLTE4 level at the optimal
cut point, are shown in Table 2.

Using random training data, the binary logistic regres-
sion model had an AUC of 0.882 (95% CI, 0.665 to 0.970)
for predicting eCRS in the test dataset, and overall accuracy
was 81.5% (Fig. 3A). The logistic regression model was sig-
nificant by whole model testing (x> = 41.5, p < 0.001), and
for individual regression parameters (Table 3). The ANN
that was developed using the random datasets had an AUC
0f0.918 (95% CI, 0.756 to 0.975), with an overall accuracy
of 85.2% (Fig. 3B). The AUC for the logistic regression and
ANN models using the random datasets were not statisti-
cally different (p = 0.462), although both models had AUC
greater than either univariate peripheral eosinophil count
or uLTE4 ROC analysis (all p < 0.003, Table 4). Cross-
validation using the entire dataset with one-third holdback
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and identical ANN function parameters yielded an AUC of
0.882 (95% CI, 0.718 to 0.999) and 85.2% accuracy.
The machine learning algorithms were then trained with
the data from 1 surgeon’s patient population and tested
in the second surgeon’s population. Using surgeon specific
datasets, the binary logistic regression model had an AUC
of 0.945 (95% ClI, 0.756 to 0.975) and an overall accu-
racy of 85.0% (Fig. 4A). The logistic regression model was
significant by whole model testing (x> = 28.5, p < 0.001),
and for individual regression parameters (Table 3). The
ANN using the surgeon specific datasets had an AUC of
0.956 (95% CI, 0.828 to 0.999), with an overall accuracy
of 90.0% (Fig. 4B). The AUC for the logistic regression
and ANN models using the surgeon specific datasets were
not statistically different (p = 0.640), although all mod-
els had AUC greater than either univariate analysis (all
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FIGURE 3. ROC curve of binary logistic regression model (A) and artificial neural network (B) for prediction of tissue eosinophilia using random training and
test data. Red curves represent prediction of tissue eosinophil count >10 per high-power field, whereas blue represents inverse curve for the prediction of
tissue eosinophil count <10 per high-power field. ROC = receiver operator characteristic.
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TABLE 3. Binary logistic regression model parameters

Parameter B SE Wald chi-square test p
Model parameter (random dataset)
Peripheral eosinophil count 2.21 0.99 4.50 0.025
Urinary LTE4 0.01 0.01 5.00 0.026
Polyp status 1.38 0.41 11.26 0.008
Model parameter (surgeon-specific dataset)
Peripheral eosinophil count 2.02 1.03 3.82 0.021
Urinary LTE4 0.01 0.01 3.70 0.023
Polyp status 1.10 0.43 6.69 0.005
B = regression coefficient; LTE4 = leukotriene E4; SE = standard error.
4,10

p < 0.003, Table 4). The sensitivity and specificity for all
machine learning model predictions of the respective test
dataset are shown in Table 2.

The patients in the surgeon specific data used for model
testing were more likely to have AFRS (p = 0.025) and
allergic rhinitis (p = 0.005, Table 5). There were no other
differences in age, gender, zileuton, and leukotriene recep-
tor antagonist prescriptions, and comorbid disease in the
random and surgeon-specific training and test datasets (Ta-
ble 5). A single patient had been prescribed mepolizumab
at the time of laboratory collection, and this patient was
included in the random training dataset and the surgeon-
specific test dataset. No other patients had been prescribed
a relevant monoclonal antibody.

Discussion

The current study represents a preliminary investigation
of leveraging machine learning technology for complex in-
terpretation of multiple biomarkers to identify eCRS. The
underlying input parameters were investigated individually
in a univariate analysis. Peripheral eosinophil count alone
resulted in an AUC of 0.738, and was consistent with pre-

vious reports.*!Y uLTE4 was also investigated as a novel
biomarker for eCRS and had fair predictive value (AUC =
0.728). Presence of polyps was sensitive, but not specific
for tissue eosinophilia. The predictive ability of multivari-
ate models using these input variables was good to excellent
and reproducible with different training and test datasets,
and in cross-validation. The AUC for all machine learning
models was also greater than univariate analyses of periph-
eral eosinophil counts and uL'TE4 levels. Neural networks,
however, did not have significantly better predictive value
than logistic regression in the study population.

Peripheral eosinophil count, uLTE4 level, and nasal
polyps have been linked to tissue eosinophilia in CRS, but
are incomplete predictors as lone biomarkers.*3-10:12-14
Differentiating eosinophilic and non-eosinophilic CRS
noninvasively remains challenging despite recognition that
there are important clinical implications for identifying
these subtypes. Machine learning is increasingly being
used to process multiple input variables to make classi-
fication predictions, and has become routine in popular
culture. Applications of machine learning technologies in
otolaryngology are relatively new, and implementation in
clinical practice has been limited.!®!” Nevertheless, there

TABLE 4. Values of p for comparison of AUC between all predictive models”

Univariate peripheral Univariate Logistic regression Logistic regression ANN(random

Prediction models eosinophil count uLTE4 level (random dataset) (surgeon-specific dataset) dataset)
Univariate uLTE4 level 0.894
Logistic regression (random 0.002 <0.001

dataset)
Logistic regression 0.002 0.001 0.480

(surgeon-specific dataset)
ANN (random dataset) 0.002 0.001 0.472 0.462
ANN (surgeon-specific 0.002 0.001 0.776 0.640 0.463

dataset)

*Bold values are significant.

ANN = artificial neural network; AUC = area under the receiver operator characteristic curve; uLTE4 = urinary leukotriene E4.
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FIGURE 4. ROC curve of binary logistic regression model (A) and artificial neural network (B) for prediction of tissue eosinophilia using surgeon specific
training and test data. Red curves represent prediction of tissue eosinophil count =10 per high-power field, whereas blue represents inverse curve for the
prediction of tissue eosinophil count <10 per high-power field. ROC = receiver operator characteristic.

are interesting possibilities for data processing and decision
support of multivariable inputs that would be impractical
without artificial intelligence assistance.

Univariate analysis of the input variables is important
for understanding the contribution of each model feature,
and is the first description of uLTE4 as a marker of tissue
eosinophilia to our knowledge. The predictive ability of
peripheral eosinophil count determined in this study is sim-
ilar to previously reported data.*' The optimal cut point
of 0.52 cells x 10°/L is higher than the values reported by
Snidvongs et al.,* and Ho et al.,'” although this is mostly
a function of the statistical method used in this study. The
cut point could be lowered in the current dataset, which

would lead to higher sensitivity at the expense of specificity.
The metabolism of arachidonic acid into various cysteinyl
leukotrienes also has a role in upper airway inflammatory
disease including asthma, allergic rhinitis, and CRS. LTE4
represents the stable metabolite of this cascade and can be
measured in random urine samples. uLTE4 was a fair pre-
dictor of tissue eosinophilia, with a lower optimal cut point
than has been suggested for diagnosis of AERD.'>!3 The
lower cut point value for tissue eosinophilia may represent
a spectrum of disease between eCRS and AERD. Overall,
both peripheral eosinophil count and uL'TE4 were fair pre-
dictors of tissue eosinophilia, although high sensitivity and
specificity could not be achieved simultaneously.

TABLE 5. Comparison of demographic and clinical characteristics by training and test datasets

Random training Random test Surgeon specific Surgeon specific

Characteristic dataset dataset p training dataset test dataset p

Age (years), mean + SD 46.8 + 16.1 51.0+15.2 0.261 47.2 +15.6 51.3 +£16.4 0.337
Male, n (%) 26 (49.1) 16 (59.3) 0.388 33(55.0) 9 (45.0) 0.438
Nasal polyps, n (%) 42 (79.3) 20 (74.1) 0.601 46 (76.7) 16 (80.0) 0.757
Asthma, n (%) 40 (75.5) 19(70.4) 0.624 44 (73.3) 15 (75.0) 0.883
Allergic rhinitis, n (%) 16 (30.2) 8 (29.6) 0.959 13(21.7) 11 (55.0) 0.005
AFRS, n (%) 5(9.4) 4(14.8) 0.471 4(6.7) 5 (25.0) 0.025
AERD, n (%) 14 (26.4) 7(25.9) 0.963 17 (28.3) 4 (20.0) 0.463
LT receptor antagonists, n (%) 27 (50.9) 12 (44.4) 0.582 28 (46.7) 11 (55.0) 0.519
Zileuton, n (%) 3(5.7) 2(7.4) 0.760 2(3.33) 3(15.0) 0.097

AERD = aspirin-exacerbated respiratory disease; AFRS = allergic fungal rhinosinusitis; LT = leukotriene; SD = standard deviation.
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CRS phenotype was associated with underlying eCRS;
however, this remains incomplete. In particular specificity
of nasal polyps for eCRS was poor at 51%, and reflects
that a sizeable portion (22.6%) of CRSWNP patients that
did not have tissue eosinophil counts >10 per HPF. Pres-
ence of nasal polyps was sensitive for eCRS in the current
dataset, although this may be related to a limitation of the
retrospective study population. The percentage of CRSsNP
patients in the study (22.5%) is lower than the general
population, and is due to using uLTE4 as an input vari-
able. Typically uLTE4 has been used in our practice as part
of the diagnostic evaluation for AERD, and as such was
more frequently ordered in patients with nasal polyps. A
study population that more closely represents the distribu-
tion of CRSWNP and CRSsNP in the general population
might affect the sensitivity of nasal polyps for eCRS.

There has been some skepticism about the application
of machine learning and artificial intelligence to health-
care and clinician decision making,”* and practical uses in
otolaryngology have been limited.!®!” The reproducibility
and opaqueness of machine learning models is a particular
area of concern.”* Datasets have the potential to include
thousands of variables and large models can be difficult
for human interpretation. Supervised machine learning is
also dependent on accurate data labeling, and inaccuracies
in training datasets can affect predictions of real-world in-
puts. The advantages of machine learning algorithms, how-
ever, are the ability to tackle complex problems involving
heterogeneous input data (variable type and distribution)
that would otherwise be difficult to approach with human
interpretation of traditional statistical methods. In the con-
text of the current study, models are able to make simulta-
neous decisions about the multiple input variables, which
have finer granularity than the optimal cut point values
determined in univariate analysis. Limiting the number of
input variables also allows for meaningful interpretations
of the contributions of model features. Model development
in this study was reproducible across varied training and
test datasets, as well as with cross-validation. Ultimately,
models can be made widely available for interpretation of
real world datasets in order to support clinician decision
making and potentially allow for a noninvasive strategy to
identify eCRS patients.

There are several limitations in the current study. The
entire study population was relatively small at 80 patients,
and is related to using uL'TE4 as an input variable. This
raises the possibility of overfitting in model development,
although this was mitigated by using only 3 input variables.
In general the sample size in each training set was 20 times
the number of input variables, and exceeds the 10 times
rule that has often been suggested for multivariable model
development. Because of these limitations preference was
given to objective biomarkers and clinical features, such
as polyp status, that are easily assessed by the otolaryn-
gologist. As mentioned previously the limited number of
patients with uLTE4 resulted in a study population with a
higher percentage of asthma and CRSwINP than the general
population. This is a recognized selection bias in the study
and may limit the generalizability of the pilot investigation.
Prospective study of patients with CRS subtypes and co-
morbidities representative of the general population would
be beneficial in verifying the accuracy of these predictive
methods. Furthermore the current dataset was acquired
within the same institution and may also limit generalizabil-
ity. Model testing was performed between surgeon-specific
populations as an attempt to demonstrate reproducibility
and generalizability. Nevertheless, future study would
benefit from larger datasets including additional features
and model testing across institutional and geographic
sites.

Conclusion

Peripheral eosinophil count, uLTE4, and polyp status can
be used simultaneously in multivariable logistic regression
and ANN machine learning models for prediction of eCRS
with sensitivity and specificity greater than 80% in the
study population. uLTE4 is also a fair predictor of eCRS
at optimal cut point values lower than those reported for
diagnosis of AERD. Machine learning of multiple biomark-
ers may allow for prediction of CRS endotypes, and offer
clinician decision support of disease endotypes. Larger and
multi-institutional datasets, that are widely representative
of diverse CRS subtypes and comorbidities, will be criti-
cal for improving the accuracy and generalizability of these

models. €
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