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Purpose: The variable expressivity and multisystem features of Noonan syndrome (NS) make it
difﬁcult for patients to obtain a timely diagnosis. Genetic testing can conﬁrm a diagnosis, but
underdiagnosis is prevalent owing to a lack of recognition and referral for testing. Our study
investigated the utility of using electronic health records (EHRs) to identify patients at high risk
of NS.
Methods: Using diagnosis texts extracted from Cincinnati Children’s Hospital’s EHR database,
we constructed deep learning models from 162 NS cases and 16,200 putative controls. Performance was evaluated on 2 independent test sets, one containing patients with NS who were
previously diagnosed and the other containing patients with undiagnosed NS.
Results: Our novel method performed signiﬁcantly better than the previous method, with the
convolutional neural network model achieving the highest area under the precision-recall curve
in both test sets (diagnosed: 0.43, undiagnosed: 0.16).
Conclusion: The results suggested the validity of using text-based deep learning methods to
analyze EHR and showed the value of this approach as a potential tool to identify patients
with features of rare diseases. Given the paucity of medical geneticists, this has the potential
to reduce disease underdiagnosis by prioritizing patients who will beneﬁt most from a
genetics referral.
© 2022 The Authors. Published by Elsevier Inc. on behalf of American College of Medical
Genetics and Genomics. This is an open access article under the CC BY license
(http://creativecommons.org/licenses/by/4.0/).
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Introduction
Noonan syndrome (NS), including Noonan spectrum disorders, is one of the most common syndromic causes of
congenital heart defect, second only to Down syndrome.1

Caused by the pathogenic variants in multiple genes of
the RAS/MAPK pathway, NS is a primarily autosomal
dominant disorder characterized by short stature, distinctive facial features, and cardiac abnormalities.2,3 Clinical
diagnosis of NS can be difﬁcult because of the
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heterogeneity in systems affected and variable severity of
phenotypes. Genetic testing, such as gene panels and
exome sequencing, can identify causal pathogenic variants
in 70% to 80% of the patients with NS.4 However, only a
small portion of individuals undergo such testing because
of the difﬁculty in recognition and lack of referral for
genetic testing.5 In Cincinnati Children’s Hospital Medical
Center’s (CCHMC) electronic health record (EHR) database, 198 patients were found to be diagnosed with NS
among the 1 million patients (a prevalence of about 1 in
5000 patients) in the database in 2019. A similar incidence
rate was noticed in March 2021 in which 1086 NS cases
were found among the 6.4 million patients (a prevalence of
about 1 in 6000 patients) in PEDSnet (with CCHMC patients excluded), a network formed by 8 pediatric hospitals
in the United States.6 The prevalence of NS in CCHMC
and PEDSnet is signiﬁcantly lower than the estimated
prevalence of NS in the US population, which is about 1 in
1000 to 2500 live births.3,7 This ﬁnding raised the concern
that there could be a substantial number of undiagnosed
patients with NS in CCHMC and similar pediatric institutions. The aim of our study was to develop a
computational method to detect patients at high risk for NS
on the basis of EHR data.
To better use the information present in the EHR system, we chose to use EHR diagnosis description texts as
our training data and adopted a supervised machinelearning approach that focused on NS as the prediction
target. In our previous study,8 we developed a computational method named Genetic Disease Diagnosis based on
Phenotypes (GDDP) to match the patient’s phenotypes
extracted from diagnosis description text in EHR and
represented as Human Phenotype Ontology (HPO9) terms
against the genetic diseases in the OMIM database.10
Although GDDP took account of the hierarchical structure of HPO terms and their information content and
achieved superior performance compared with previous
methods,8 it was designed to facilitate phenotype-guided
genetic testing for individual patients rather than prioritizing patients for a speciﬁc genetic disease. Because more
clinical information is available in EHR data, we hypothesized that better predictive performance could be achieved by directly training machine-learning models using
EHR data.
Previous studies have tried using facial imaging approaches to discriminate NS from other genetic diseases.11-13
However, to our knowledge, no study has reported using a
text-based deep learning approach to systemically detect NS.
In this study, we focused on deep learning methods, because
they are especially efﬁcient at learning from text, while
eliminating the need for explicit natural language processing
and manual feature selection. Using deep learning methods
with EHR diagnosis description text as input, therefore,
could signiﬁcantly simplify the data preprocessing, model
training, and result interpretation, all of which reduce the cost
of model development and increase the generalizability of
the method.
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Materials and Methods
To build and evaluate our proposed framework to detect NS
from EHR, we compiled a training set consisting of 162 NS
cases and 16,200 presumed controls and evaluated the
performance of the models based on 2 independent test sets
containing diagnosed and undiagnosed NS cases separately.
Details of the steps, model performance, and clinical interpretation of results will be described in the following
sections. This study protocol was reviewed and approved by
the Cincinnati Children’s Hospital Institutional Review
Board (protocol number 2020-0685).

Data description
Two types of diagnosis data are available in the CCHMC
de-identiﬁed EHR database (Informatics for Integrating
Biology and the Bedside, https://www.i2b2.org/). The ﬁrst
type is diagnosis code, such as the International Classiﬁcation of Diseases-10th revision.14 The second type is diagnosis description text, which is based on the Intelligent
Medical Objects terminology. The diagnosis description
texts were used as the input data for this project, which
provided a richer and more accurate description of phenotypes than diagnosis codes.15 The diagnosis description text
found in encounter, problem list, and billing, together with
the patient’s de-identiﬁed identiﬁer and gender were
exported from EHR on May 21, 2019.

Identiﬁcation of patients with NS and data
preparation
A total of 198 patients with NS were identiﬁed in the 2019
data set through a text search in the diagnosis description.
Patients with “Noonan syndrome” or “Noonan’s syndrome”
(ignoring case distinctions) in the diagnosis description were
selected. The discovered patients matched with a recent
retrospective study conducted in the institution,16 conﬁrming that patients with NS identiﬁed were accurate. A total of
9 patients with less than 10 words in their diagnosis
description were excluded. The remaining 189 patients were
labeled as NS cases and were randomly split into 2 groups,
with 162 and 27 in each group (a ratio of 6:1). The ﬁrst
group (162 NS cases) was used as cases for training, and the
second group (27 NS cases) was placed into our ﬁrst test set,
referred to as test set 1. We labeled the remaining patients
who did not have NS diagnosis and possessed at least 10
words in their diagnosis description as the presumed controls. It should be noted that there could be a small number
of unrecognized NS cases in the presumed controls. However, our simulations suggested that their existence had
minimal effect on the models’ training and testing results.
Diagnosis descriptions were sequentially added together
to form a single string of descriptions for each patient. The
gender of the patient was added to the beginning of each
description string. The diagnoses in each string were
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ordered in the same manner as the original records, with the
earlier diagnoses at the beginning and the most recent at the
end of the string. A tokenizer was used to convert every
word in the description text vocabulary (containing 15,725
unique words) to a unique integer representation. Because
99.6% of strings were shorter than 1000 terms, the ﬁrst 1000
integers were used as the input features for all patients. All
tokenized sequences were right-padded or truncated to be
1000 integers long.
Diagnoses containing the term “Noonan” or associated
with International Classiﬁcation of Diseases-10 codes
“Q87.1” and “Q87.19” (indicating clinically diagnosed NS
or other genetic diseases associated with short stature), and
“Z00.6” (patients in clinical research, exam for clinical
research, etc) were removed from all samples before performing training and testing because these terms could be
confounded with NS diagnosis.

Training and cross-validation
We performed 6-fold cross-validation to optimize the hyperparameters of the models, using 5 folds (135 cases) for
training and 1 fold (27 cases) for validation in each iteration.
For each training set, we included 13,500 random control
samples so that the case to control ratio was 1:100. The
prevalence of NS cases in training was artiﬁcially increased
to help the models learn the features of NS cases more
efﬁciently, because including more controls in the training
set slowed down the training process and did not result in
signiﬁcant improvement in performance. For the validation
set, we included 27,000 random control samples so that the
case to control ratio was 1:1000. The case to control ratio of
1:1000 in the validation set was selected to approximate the
expected prevalence of NS in the general population. Owing
to the imbalanced nature of the problem, we used precision,
recall, F1 score, and area under precision-recall curve
(PRAUC) as our model performance metrics instead of
sensitivity, speciﬁcity, and area under receiver-operating
characteristic curve.17

Deep learning models
We tested multiple deep learning techniques, including
multilayer perceptron (MLP),18 convolution neural net
(CNN),19 and recurrent neural net (RNN)19 (long short-term
memory [LSTM],20 gated-recurrent units [GRU],21 and
their bidirectional variants). MLP is a type of densely
connected network. Whereas MLP learns global patterns,
CNN can learn local patterns and has been used for text
classiﬁcation and image recognition.22 RNN keeps an internal memory of information and has been crucial for the
ﬁeld of natural language processing and time series data
analysis.23 LSTM and GRU are more sophisticated variants
of the base RNN that use memory gates to mediate the
retention of information.
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All models started with an embedding layer that converts
the tokenized terms into 128D vector representations.
GloVe pretrained embedding24 was also tested but performed poorly and was not used in ﬁnal models. The hidden
layers varied depending on the type of model used. The ﬁnal
layer was a single-neuron dense layer with sigmoid activation. Binary cross-entropy loss was used for all models.
Multiple regularization techniques were used to reduce
overﬁtting, including dropout, L1, L2 regularization, and
early stopping (implementation details on GitHub). The
ﬁnal model was not retrained using all of the data because
we chose to use early stopping.

Performance evaluation using 2 different test sets
The performance of the ﬁnal model was evaluated based on
2 independent test sets. Test set 1 contained 27 diagnosed
NS cases and 27,000 random control samples that were not
used in the training, with a case to control ratio of 1:1000.
The case to control ratio was selected for the same reason as
the validation set.
Test set 2 contained 10 undiagnosed NS cases and
10,000 random controls. We queried the CCHMC EHR
database on October 21, 2021, and found 11 patients who
were present in our 2019 data set but were diagnosed with
NS during 2020 and 2021. These 11 patients conﬁrmed our
suspicion that there were patients with undiagnosed NS in
our 2019 data. Because 1 of the 11 patients was used in
training our ﬁnal model as a presumed control, he/she was
excluded from test set 2.

Explanation and interpretation of the model
To derive an interpretation of the model for NS detection,
each unique diagnosis description text was treated like an
individual patient and evaluated by the ﬁnal model. The
description texts were ranked by their prediction scores to
represent their relative importance for NS detection. To
evaluate the importance of word order in each diagnosis
text, we also ran the ﬁnal model on each of the unique
diagnosis description text with permuted word orders.
Speciﬁcally, each diagnosis description was permuted
multiple times to derive multiple permuted scores. A onesided one-sample Wilcox rank-sum test of the permuted
scores was then performed against the original score to
derive the P value. A P value of < .05 indicated the score
from the original diagnosis description text signiﬁcantly
higher than that from the permuted diagnosis.
To understand how the diagnostic decision was made for
each individual patient by the deep learning diagnostic
model, we performed sensitivity analysis for each patient in
which we examined the change in prediction score when
each diagnosis text was removed from the input. This
analysis was similar to LIME25 but considered diagnosis
texts instead of individual words as features. The diagnosis
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Figure 1 Overview of the CNN model architecture. After extracting the diagnosis descriptions for each patient, they were processed and
tokenized as described in the method section. These padded vectors served as the inputs to the network, which began with a 128D embedding
layer. The embedded words were passed to a 1-dimensional convolution layer with a window size of 3 words and a stride of 1. The output
was max-pooled across the entire time dimension and then entered several fully connected layers. Dropout layers were used between the
Dense layers for regularization. Conv 1D, 1 dimensional convolution.

text with the highest prediction score drop was ranked as the
most informative feature for the patient’s NS diagnosis.

Results
Cross-validation and training result
The PRAUC values in cross-validation over 20 epochs were
plotted for all models (Supplemental Figure 1). The models
began overﬁtting past a certain epoch, which was reﬂected
by the decreasing validation PRAUC. The epoch with the
highest average PRAUC during cross-validation was used
as the number of epochs to train the ﬁnal model. For
instance, the CNN model achieved the highest average
PRAUC at epoch 8. The ﬁnal CNN model, therefore, used 8
epochs for training. The model using a CNN layer consistently achieved the best performance in the cross-validation.
The architecture of the model is shown in Figure 1.
The fact that the CNN model performed better than MLP,
which was anticipated, suggests that local patterns in diagnosis description text contained more information than individual terms. The CNN model also achieved higher
PRAUC than the recurrent networks: LSTM, GRU, and
their bidirectional variant models. This may indicate that
most of the information in the diagnosis description texts
used as features may be contained in local phrases rather
than complex semantic relationships or time-sequential data,
factors which normally would favor recurrent networks.
After training the ﬁnal CNN model, we applied it to all
3719 unique diagnosis texts in the 189 NS cases. We found
that the prediction scores of the diagnosis texts were highly
negatively correlated with their P values from the word
permutation test (Spearman’s correlation P = 2.6e-267),
suggesting that the higher scored diagnosis texts were more
sensitive to changes in word order. The top 20 description
texts with the highest prediction scores together with their

frequencies in NS cases and all patients are listed in Table 1.
As shown in the table, all these description texts had signiﬁcant permutation P values. These terms included “short
stature,” “pulmonary valve stenosis,” “ptosis,” and “Cafeau-lait spots,” all of which are known common phenotypes
associated with NS.3,26 There are also terms related to
abnormal partial thromboplastin time, gastrostomy, and
abnormal electrocardiogram, which are not documented in
reference genetic disease databases such as OMIM and HPO
but have been observed in previous studies.26-29 As shown
in Table 1, all top 20 texts were more frequent in NS cases
than the background population, suggesting their relevance
to NS diagnosis.
Interestingly, the text with the highest score was “other
speciﬁed congenital anomalies.” Clinicians may use this
code when they encounter a patient with suspected
congenital anomalies at CCHMC. Although this does not
map to any speciﬁc phenotype, it does appear to be highly
enriched in patients with NS diagnosis. As expected, the
terms “male” and “female” alone yielded very low prediction scores, suggesting gender was not informative for NS
detection.
Another interesting observation was that there were
many similar texts in the top 20 results. For example,
although “partial thromboplastin time increased” was not
very frequent among patients with NS, it is similar to
“abnormal partial thromboplastin time” and “prolonged
prothrombin time and partial thromboplastin time,” and
received a high prediction score. This probably reﬂected the
nature of the CNN-based model, which considered the local
patterns of words during learning and prediction.

Performance of NS detection in test set 1
The precision-recall curves for the models on test set 1 are
shown in Figure 2. The CNN model again achieved the best
performance in this test. The PRAUC of this model was
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Table 1
Rank
1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20
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Top scored diagnosis description by CNN model in NS classiﬁcation
Text
Other speciﬁed congenital anomalies
Abnormal partial thromboplastin time (PTT)
Short stature associated with genetic disorder
Prolonged prothrombin time (PT) and partial
thromboplastin time (PTT)
Partial thromboplastin time increased
Other congenital anomalies of pulmonary valve
Short stature (child)
Attention to gastrostomy
Occlusion and stenosis of right carotid artery
Abnormal electrocardiogram
Nonrheumatic pulmonary valve stenosis with insufﬁciency
Spitting up infant
Observation for other speciﬁed suspected conditions
Family history of congenital anomalies
Ptosis, congenital, bilateral
Congenital stenosis of pulmonary valve
Advanced care planning/counseling discussion
Pulmonary valve stenosis, unspeciﬁed etiology
Cafe-au lait spots
Vasovagal syncope

Frequency in
NS Patients, %

Frequency in
All Patients, %

Odds Ratio

Permutation
P value

54.497
3.175
10.582
1.058

0.601
0.042
0.063
0.004

206.6
81.8
204.6
338.7

.002
.001
.001
.001

0.529
8.466
14.815
3.704
0.529
1.058
0.529
0.529
2.116
0.529
0.529
30.159
1.058
8.995
1.058
0.529

0.001
0.102
0.645
0.605
0.006
0.136
0.006
0.167
0.678
0.074
0.002
0.370
0.022
0.046
0.064
0.335

1094.9
94.1
27.0
6.3
91.2
7.9
95.2
3.2
3.2
7.2
273.8
120.8
50.0
237.9
16.7
1.6

.003
.001
.006
.001
.001
.001
.001
.006
.001
.001
.004
.002
.010
.003
.001
.006

Each diagnosis description from the data set of patients with NS was evaluated by the ﬁnal CNN model. This table shows 20 of the diagnosis description
terms with the highest prediction score. The frequencies of these terms in NS cases and all patients and their odds ratios are included. The permutation P value
was derived by performing one-sided one-sample Wilcox rank-sum test of the prediction scores of the permuted diagnosis texts against the score of the original
diagnosis text. Several description terms that are different spellings of the same diagnosis were omitted to reduce redundancy. This table helps show the
clinical factors used by the model to make a classiﬁcation.
CNN, convolution neural net; NS, Noonan syndrome.

Figure 2 Precision-recall curves of test set 1 across different
models. The precision, recall, and PRAUC for each model using
test set 1. The tested deep learning architectures included CNN,
LSTM, GRU, BiGRU, and Dense (MLP) networks. The performance of the previously developed method GDDP is also displayed. The CNN model had the highest PRAUC of 0.428, with
0.47 precision at 0.52 recall. BiGRU, bidirectional gated-recurrent
unit; CNN, convolution neural net; GDDP, Genetic Disease
Diagnosis based on Phenotypes; GRU, gated-recurrent unit;
LSTM, long short-term memory; MLP, multilayer perceptron;
PRAUC, area under the precision-recall curve.

0.43. With a score cutoff of 0.84, 30 positive patients were
discovered, 14 of which had existing NS diagnosis, corresponding to a precision 0.47 with a recall of 0.52, or a
sensitivity 0.52 with a speciﬁcity of 1.00. For reference, a
random model had 0.001 precision at 0.5 recall.
We applied GDDP, our previously developed computational method, to test set 1. Because GDDP prioritizes genetic diseases based on HPO terms, the diagnosis
description texts were ﬁrst converted to HPO terms as
described before.8 There were multiple subtypes of NS in
OMIM. For each test patient, the minimum rank of all of
these NS subtypes was used as the rank of NS by GDDP.
The precision and recall were calculated based on the rank
of NS for that patient.8 As shown in Figure 1, the PRAUC of
GDDP was 0.077. All deep learning models, except LSTM,
performed signiﬁcantly better than GDDP, and the CNN
model was 35 times more precise than GDDP.
Pulmonary stenosis and short stature are the 2 most
representative phenotypes associated with NS. For comparison purposes, we also tried patient screening based on
these 2 phenotypes. Using pulmonary stenosis alone (patients whose diagnosis text containing “pulmonary valve
stenosis,” “pulmonary stenosis,” or “stenosis of pulmonary
valve”), the precision and recall were 0.068 and 0.37,
respectively. Using short stature alone, the precision and
recall were 0.056 and 0.74, respectively. When identifying
patients with both pulmonary stenosis and short stature, the
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Table 2

Summary of test results

Method

Total

NS

Positive

TP

Precision

Recall

PRAUC

F1

27027
27027
27027
27027
27027

27
27
27
27
27

148
355
13
39
451

10
20
9
14
6

0.068
0.056
0.69
0.47
0.013

0.37
0.74
0.33
0.52
0.22

–
–
–
0.428
0.077

0.115
0.104
0.446
0.494
0.025

Total

NS

Positive

TP

Precision

Recall

PRAUC

F1

10010
10010
10010
10010
10010

10
10
10
10
10

69
252
1
12
289

6
3
1
4
3

0.087
0.012
1
0.33
0.01

0.60
0.30
0.10
0.40
0.30

–
–
–
0.160
0.009

0.152
0.023
0.182
0.362
0.019

Test Set 1
PS
SS
PS+SS
CNN
GDDP

Test Set 2
Method
PS
SS
PS+SS
CNN
GDDP

Results of NS detection using different methods in test sets 1 and 2. The ﬁrst 4 columns display the count for total patients in the test set (total), NS cases
in the test set (NS), all patients identiﬁed by the method (positive), and true NS cases in the identiﬁed patients (TP). The last 4 columns are the precision,
recall, PRAUC (if available), and F1 score of the method. The phenotype-based method for identifying patients with NS searches diagnosis description texts for
the most common terms associated with NS; these terms included pulmonary stenosis (PS), short stature (SS), and both pulmonary stenosis and short stature
(PS+SS). The CNN-based model achieved the highest F1 scores in both tests. F1 score was deﬁned as the harmonic mean of the precision and recall. Boldfaced
values indicate the test results of the CNN model.
CNN, convolution neural net; GDDP, Genetic Disease Diagnosis based on Phenotypes; NS, Noonan syndrome; PRAUC, area under the precision-recall curve.

precision and recall were 0.69 and 0.33, respectively. The
test results are listed in Table 2. As can be seen in the table,
in terms of F1 score, the CNN model performed better than
the phenotype-based approaches, which were better than
GDDP.

Performance of NS detection in test set 2
To further evaluate the CNN model’s performance, we
applied it to test set 2. This test set contained 10 undiagnosed

NS cases (when the EHR data were extracted) and 10,000
random controls. The precision-recall curve of the CNN
model is shown in Figure 3. The PRAUC was 0.160. With a
score cutoff of 0.84, 12 positive patients were discovered, 4
of which were the undiagnosed patients with NS, corresponding to a precision 0.33 with a recall of 0.40, or a
sensitivity 0.40 with a speciﬁcity of 1.00. In contrast, the
PRAUC of GDDP on the same test set was 0.009. With rank
10 as cutoff, GDDP discovered 289 positive patients, 3 of
which were the undiagnosed patients with NS, corresponding to a precision 0.01 with a recall of 0.30.
We repeated the phenotype-based patient screening on
test set 2. Using pulmonary stenosis alone, the precision and
recall were 0.087 and 0.60, respectively. Using short stature
alone, the precision and recall were 0.012 and 0.30,
respectively. When identifying patients with both pulmonary stenosis and short stature, the precision and recall were
1 and 0.10, respectively. The test results are listed in
Table 2. The performance of the CNN model was again
better than the simple phenotype-based approaches.

Web application

Figure 3 Precision-recall curves of CNN model and GDDP on
test set 2. The precision, recall, and PRAUC for CNN model and
GDDP using test set 2. The PRAUC for the CNN model and
GDDP were 0.16 and 0.009, respectively. CNN, convolution
neural net; GDDP, Genetic Disease Diagnosis based on Phenotypes; PRAUC, area under the precision-recall curve.

A Shiny app (http://eNS.research.cchmc.org) was developed
to show how the pretrained deep learning model can be used
to score a patient for NS based on the diagnosis description
texts, and how an explanation can be derived for the patient.
As shown in the screenshot (Supplemental Figure 2), the
diagnosis texts of a patient were entered in the text area in
the left panel and tokenized and transformed as input to the
pretrained CNN model. The NS score of the patient generated by the model would then be displayed in the main
panel. The sensitivity analysis result is shown in the table
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below, ordered by the prediction score drop when the text is
removed from the patient. As displayed, “congenital pulmonary valve stenosis” and “short stature (child)” were the
most informative texts for this patient’s NS classiﬁcation
according to the CNN model.

Discussion
Clinician recognition of characteristic symptoms and subsequent referrals for testing is the most common path to
diagnosis for patients with genetic diseases. However,
certain conditions, such as NS, are often difﬁcult for pediatricians and primary care physicians to recognize, thus
creating a need for improvements to the diagnostic process.
In this study, we developed a computational method to
detect NS in a pediatric population based on EHR diagnosis
texts and deep learning. We tested our approach using 2
independent test sets containing diagnosed and undiagnosed
NS cases, respectively, and our CNN-based model showed
improved performance over the simple phenotype-based
approaches and our previous method. We argue that these
prediction scores have the potential to improve diagnosis
and treatment by helping clinicians prioritize referrals for
patients with a high risk of genetic disorders.
Our method offers several features that help resolve key
issues in a population-scale computational screening of rare
diseases: (1) the approach used only the diagnosis description texts, data which are readily available for a large pediatric population, (2) the deep learning-based models do
not require explicit natural language processing and manual
feature selection, which reduced the complexity of data
processing and model development, (3) with diagnosis
description texts directly as input, our method could efﬁciently perform large-scale systematic patient screening
based on EHR data, (4) our method could provide an
interpretation to highlight the texts that are most informative
for the decision making, providing clinical insights that
could reduce validation times, and (5) even with a relatively
small set of NS cases for training, our EHR-based method
showed clinically actionable performance, making it applicable for both NS and other rare genetic disorders.
This last point is especially important and valuable.
There are more than 7000 rare genetic diseases, collectively
affecting 8% of people in the United States.30 Many patients
have to experience years long diagnostic odyssey to conﬁrm
the diagnosis owing to lack of recognition and referral.31,32
As suggested by recent literature7 and this study, there could
be a substantial proportion of people with unrecognized NS
in the general population. With a method for systematic
screening, some of these patients could be recognized and
referred earlier to clinical geneticists, thus shortening time to
diagnosis for those individuals.
The potential for this was shown by the 2 independent
tests in the study, particularly test set 2, which contained
cases that were not diagnosed by the time the EHR data
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were exported. Although we could identify some NS cases
based on the presence of either pulmonary stenosis or short
stature in their EHR, the precision was very low. Selecting
patients with both phenotypes resulted in higher precision
but much lower recall. We also previously developed GDDP
to guide the identiﬁcation of pathogenic variants for individual patients. GDDP had low precision and recall in our
tests, suggesting that it is not ideal to use GDDP to screen
patients with NS. Our CNN-based deep learning model
struck a strong balance between precision and recall and had
the highest F1 scores among all methods in both tests. After
taking a closer look at the 6 patients in test set 2 who were
not identiﬁed by the CNN model (summarized in
Supplemental Table 1), we found that 2 of the patients did
not have any typical NS phenotypes recorded in their
diagnosis texts. The third patient had short stature and
developmental delay but no cardiac abnormalities. Because
these patients did not contain informative phenotypes in
their diagnosis texts, the chance of recognizing them using
diagnosis texts was low. The 4 patients who were identiﬁed
by the CNN model all had pulmonary stenosis and other
phenotypes related to NS, such as short stature or atrial
septal defect. Although we do not know why they were not
diagnosed by 2019, they may have been identiﬁed earlier if
our approach had been clinically used in 2019.
There have been several previous studies that used facial
images to detect NS. Tekendo-Ngongang and Kruszka12
applied the DeepGestalt model13 to differentiate patients
with NS from unaffected controls on the basis of facial
images in a cohort of African individuals. More recently
Yang et al11 developed facial recognition models to separate
patients with NS from healthy children and children with
other dysmorphic syndromes. Both studies reported high
accuracies with the area under the receiver operating characteristic curve higher than 0.9 in test sets with relatively
high case to control ratios (close to 1:1). However, given
that these facial image-based methods were designed and
tested for small-scale scenarios in which the patient has
already been suspected of a genetic disorder and our EHR
texts-based method was designed for screening on a much
larger scale, we anticipate that the 2 approaches will work
complementarily.
There are several important limitations to this study that
should be noted and explored further. First is the biases
inherent to learning from EHR data. Some diagnosis terms
in the records of patient with NS may be only present after
genetic conﬁrmation or physician suspicion of NS, leading
to uncertainty regarding the ability of such models to detect
undiagnosed and unsuspected patients. To mitigate these
factors, we identiﬁed and removed the obvious confounding
terms before training and testing. However, there may still
be patterns such as comorbidities in the data unique to a
diagnosis of NS rather than the physiological signs of NS.
Second, models trained using data from a single institution
may not generalize well to hospitals with clinicians who use
a different set of EHR diagnosis descriptions. Third, with
using diagnosed patients with NS as positive cases in the
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training set, the deep learning models are not optimized for
recognizing patients without typical phenotypes. One recent
study suggested a similar ﬁnding as observed in our test set
2, the undiagnosed patients with NS might not manifest
typical phenotypes, such as short stature and heart anomalies.7 This limitation is intrinsic to the supervised learning
strategy, which can be alleviated by including more diversiﬁed cases in the training set. Finally, there is still a potential to improve the model performance. The number of
NS cases for training can be increased by pooling more
cases from multiple pediatric hospitals. At the same time,
additional machine-learning strategies such as multitask
learning33,34 may be able to boost single task performance
of the models by learning common underlying principles
from diseases with features similar to NS, such as Alagille
syndrome, Williams syndrome, and CHARGE syndrome.

Conclusion
In conclusion, we showed that deep learning models based
on diagnosis description texts from EHR are viable for
detecting children with Noonan syndrome. The CNN-based
diagnostic model outperformed the method based on
searching of key phenotypes and our previous statistical
method based on comparison of HPO terms. In addition, our
method provides a clinically relevant evaluation of the
diagnostic values of the diagnosis texts of a patient. This
study proposes an efﬁcient way to screen for undiagnosed
cases of NS and other diseases from a children’s hospital’s
EHR database.

Data Availability
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were implemented using TensorFlow v.2.5.0 and Keras
v2.5.0-tf. All source code is available on GitHub (https://
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