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Abstract

Background: International Classification of Disease (ICD) codes can accurately identify patients 

with certain congenital heart defects (CHDs). In ICD-defined CHD data sets, the code for 

secundum atrial septal defect (ASD) is the most common, but it has a low positive predictive 

value for CHD, potentially resulting in the drawing of erroneous conclusions from such data sets. 

Methods with reduced false positive rates for CHD among individuals captured with the ASD ICD 

code are needed for public health surveillance.

Methods: We propose a two-level classification system, which includes a CHD and an ASD 

classification model, to categorize cases with an ASD ICD code into three groups: ASD, other 

CHD, or no CHD (including patent foramen ovale). In the proposed approach, a machine learning 
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model that leverages structured data is combined with a text classification system. We compare 

performances for three text classification strategies: support vector machines (SVMs) using text-

based features, a robustly optimized Transformer-based model (RoBERTa), and a scalable tree 

boosting system using non-text-based features (XGBoost).

Results: Using SVM for both CHD and ASD resulted in the best performance for the ASD and 

no CHD group, achieving F1 scores of 0.53 (±0.05) and 0.78 (±0.02), respectively. XGBoost for 

CHD and SVM for ASD classification performed best for the other CHD group (F1 score: 0.39 

[±0.03]).

Conclusions: This study demonstrates that it is feasible to use patients’ clinical notes and 

machine learning to perform more fine-grained classification compared to ICD codes, particularly 

with higher PPV for CHD. The proposed approach can improve CHD surveillance.
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atrial septal defect; birth defects; congenital heart disease; natural language processing

1 | Introduction

Electronic health records (eHRs) are promising resources for population-based surveillance 

studies and secondary analysis of existing data. International Classification of Diseases, 
Clinical Modification 9 and 10 (ICD-9-CM and ICD-10-CM) and Current Procedural 
Terminology (CPT) codes are used to classify diagnoses, procedures, and outcomes of 

interest, with high variability in accuracy of these codes for identification of the problem 

of interest. Many studies have explored machine learning (ML) algorithms, including 

supervised learning methods like support vector machines (SVMs), decision trees, random 

forests, and deep learning techniques like convolutional neural networks (CNNs) and 

recurrent neural networks (RNNs), particularly for disease classification tasks in clinical 

settings (Miotto et al. 2016; Rajkomar et al. 2019). These approaches leverage clinical notes, 

eHRs, lab results, and imaging data to predict diagnoses or identify patient phenotypes. 

In particular, ML-driven classification of diseases into ICD codes has garnered substantial 

attention. Several studies have focused on automating ICD code assignment from clinical 

notes, leveraging techniques such as natural language processing (NLP) combined with ML 

to capture the semantics of complex medical language. For instance, Masud et al. (2023) 

used CNNs on clinical text to automatically classify diagnoses to corresponding ICD codes, 

showing promising results in accuracy improvement over traditional rule-based approaches. 

Similarly, Xie and Xing (2018) proposed a model using both CNNs and RNNs to handle the 

hierarchical nature of ICD codes and capture contextual dependencies, achieving state-of-

the-art performance in ICD classification tasks. Recent systematic reviews have highlighted 

the growing use of NLP for automated ICD coding of discharge summaries (Kaur et al. 

2023; Stanfill et al. 2010; Shi et al. 2023). These reviews identified various data sets, 

NLP techniques, and evaluation metrics used in the field. These findings suggest that 

NLP-based approaches offer significant potential for improving the accuracy and efficiency 

of automated ICD coding systems.
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Classification of congenital heart defects (CHDs), based on CHD-related ICD-9-CM 

and ICD-10-CM code groups 745.xx–747.xx and Q20.x–Q26.x (Glidewell et al. 2018), 

respectively, have variable success in identifying CHD (Khan et al. 2018; Broberg et al. 

2015) primarily because the most common code within these code groups, making up an 

estimated of 25% cases in data sets (Xie and Xing 2018), is 745.5/Q21.1, which codes for 

both secundum atrial septal defect (ASD), a true heart defect, and patent foramen ovale 

(PFO), a common and normal variant in the general population (Rodriguez et al. 2018, 

2022). ICD code 745.5/Q21.1 has a positive predictive value (PPV) as low as 30% for 

having any CHD (Ivey et al. 2023), and among those that do have CHD, a small percentage 

have a different CHD other than ASD (Rodriguez et al. 2018). Some ICD codes in the 

CHD code group are accurate, and the PPV of other CHD codes can be improved with ML 

techniques (Shi et al. 2023), yet the ICD code 745.5/Q 21.1 remains problematic given its 

dual function to code for both a heart defect and a normal variant, leading to a high number 

of false positives (FPs) in ICD code defined CHD data sets. As the most common code in 

a CHD data set, it is important to identify techniques to further improve the accuracy of 

distinguishing true CHD from FP normal variants within an ICD code defined CHD data set.

Consequently, erroneous conclusions about the CHD population as a whole may be drawn 

from studies inclusive of these codes. Conversely, exclusion of isolated 745.5/Q21.1 

from studies of individuals with CHD limits understanding of healthcare utilization and 

outcomes unique to those with secundum ASD. CHD patients with ASD may experience 

complications related to the ASD including supraventricular tachyarrhythmias (Kauling et 

al. 2024), pulmonary arterial hypertension (Deniwar et al. 2023), and heart failure. Given 

the need for public health surveillance of CHD across the lifespan in general, more accurate 

classification of cases identified with ICD 745.5/Q21.1 is needed for a more inclusive and 

accurate data set to reach valid conclusions about the population as a whole.

In 2023, ICD-10-CM created a separate code, Q21.12, for PFO; however, while the 

transition to this new code is taking place over time, the utility of existing, longitudinal 

data available from birth defects surveillance currently relies on our ability to distinguish 

true CHD from normal variants within the data. Methods developed for automating this task 

may also be applied to other similar classification tasks (aside from ASD/PFO) where ICD 

codes are not accurate in identifying the population of interest.

ML and NLP techniques may improve the accuracy of identifying CHD in a specific 

cohort based on data from eHRs. Shi et al. (2023) developed a ML model that improved 

the performance of CHD identification using the structured features (variables) extracted 

from eHRs. Clinical notes from eHRs also contain rich, unstructured information that often 

provides essential context beyond structured data, such as lab results or ICD codes alone. 

NLP techniques enable the extraction of meaningful insights from free-text descriptions, 

capturing nuances in symptoms, diagnoses, and treatment details. This process improves 

classification accuracy, particularly in complex cases where multiple comorbidities or 

unclear symptomatology make diagnosis challenging. Studies have shown that NLP-based 

models can enhance the identification of diseases such as diabetes and cardiovascular 

conditions by effectively processing clinical notes and other unstructured data sources, 

providing contextually relevant information that improves model predictions (Banerjee 

Guo et al. Page 3

Birth Defects Res. Author manuscript; available in PMC 2025 March 31.

A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript



et al. 2023; Khalifa and Meystre 2015). Using eHR notes, it has also been previously 

demonstrated that NLP can detect patients who have had a Fontan operation for rare single 

ventricle heart defects better than ICD codes can (Guo et al. 2023). ASD presents a unique 

challenge in that text notes may variably include both ASD and the FP PFO for the same 

case.

With the goal of more accurately identifying CHD cases among individuals identified by 
code 745.5/Q21.1, by detecting ASD among those with this code and to improve the overall 

accuracy of an ICD code defined CHD data set that has previously been improved through 

ML techniques, the current study sought to create a classification system integrating ML and 

NLP techniques to identify (1) CHD and (2) ASD. The proposed approach can be replicated 

for similar problems within the broader medical space where variability in clinical concepts 

exists within ICD or similar codes.

2 | Materials and Methods

2.1 | Study Population and Data Collection

Individuals aged 0–55 years with at least one CHD ICD code and 2010–2019 

encounter level data were identified as part of a parent CDC-funded CHD surveillance 

project (DD19-1902A and1902B). Two validated cohorts were used for this study—an 

administrative data cohort from a large statewide adult tertiary referral healthcare system 

and a distinct statewide pediatric tertiary referral healthcare system, hereafter referred to 

as AHS/PHS (Ivey et al. 2023), and a Society for Thoracic Surgeons (STS) database. The 

adult and pediatric healthcare systems have distinct eHRs, charting styles, and specialists. 

A complete description of the AHS/PHS cohort has been previously described (Ivey et al. 

2023). Briefly, 1497 individuals born between January 1, 1955 and December 31, 2019 who 

had CHD-related healthcare encounters (i.e., encounters with at least one of 87 ICD-9-CM 

or ICD-10-CM codes in Table S1) in either the AHS or PHS between January 1, 2010 

and December 31, 2019 were identified and available clinical notes were abstracted to 

validate and classify their CHD status as one of three mutually exclusive groups: any ASD, 

other CHD only, no CHD (including no CHD but with PFO) (Ivey et al. 2023). Additional 

details on the validation data set, the process of case validation, and interobserver and 

intraobserver reliability (exceeded 95%) for the validation data were previously reported 

in Ivey et al. (2023). The STS research database includes data on pediatric patients who 

received cardiothoracic surgeries at the PHS (some patients were identified in both data 

sets); 9811 patients with CHD-related surgical encounters between January 1, 2010 and 

December 31, 2019 were identified with validated CHD status. The STS database captures 

children undergoing cardiac surgery, 95% of whom have CHD, with data on the specific 

diagnosis entered by clinicians on the cardiothoracic surgical team. Encounter-level raw 

data for all cases were available from the parent CHD surveillance project for 2010–2019. 

Cases were similarly classified into one of the three groups: ASD, other CHD, or no CHD 

(includes PFO without CHD).

For this analysis, only cases with code 745.5 or Q21.1 and text notes were included. There 

were 3778 cases in the data set who met the inclusion criteria (3181 from STS, 522 from 

AHS/PHS, and 75 from both). Finally, the cases in the data set were categorized into one 
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of the following three groups, based on cardiology provider-entered diagnoses in STS or 

diagnoses validated through medical record review by medical experts: individuals with an 

ASD (N = 1395), individuals with other CHD (N = 2027), and individuals with no CHD (N 
= 356). For each individual, clinical notes from all encounters were compiled and used as 

input to the model. Individuals with ASD, other CHDs, and no CHD had an average of 65, 

72, and 155 clinical notes, respectively, with an average of 1517, 1533, and 798 words per 

note.

2.1.1 | Race and Ethnicity—Race and ethnicity were based on data recorded in the 

eHR and reported to assess generalizability of the findings to other data sets and potential 

biases in the system. Individuals could have more than one race recorded. Race was 

categorized as White, Black, or other race (due to small numbers, Asian, American Indian/

Native American, Native Hawaiian/Pacific Islander, and multiracial were analyzed together 

[excluding Black multiracial who were instead categorized as Black]). Racial groups of 

small size (n < 20 in the AHS/PHS) were combined into the “Other” race category. Ethnicity 

was classified as Hispanic or non-Hispanic.

2.1.2 | Statistical Analysis for Cohort Characteristics—First encounter was 

defined as the first available encounter during the 2010–2019 surveillance period. Wilcoxon 

rank sum test was used to compare mean age at first encounter between the AHS/PHS 

cohort and the STS cohort. Sex, race, ethnicity, and other characteristics were defined as 

in Ivey et al. (2023) and compared using Pearson’s chi-square test. Proportion with a CHD 

was calculated as cases with a validated CHD (ASD or other) divided by all cases with a 

745.5/Q21.1 ICD code. PPV of ICD codes 745.5/Q21.1 for an ASD was calculated as cases 

with a validated ASD divided by all cases with only ICD codes 745.5/Q21.1. Proportion 

with a CHD and PPV were also compared between the AHS/PHS and STS data sets using 

Pearson’s chi-square test.

2.2 | Classification System Development and Evaluation

Given the goal of improving accurate identification of (1) CHD cases in ICD-code based 

CHD data sets, and (2) identifying ASD within those data sets, we approached the problem 

with a two-level system. This approach allows us to analyze each component separately, 

rather than training a single three-way model to classify all three groups (any ASD, other 

CHD only, and no CHD).1 Figure 1 shows the system framework for training CHD and 

ASD classification models and testing (evaluating) model performances. To reduce the risk 

of overfitting and provide a more robust evaluation of the model performance compared 

to a single train-test split, fivefold cross-validation was applied to evaluate the model 

performance, as shown in Figure S1. Specifically, the data set was randomly divided into 

five equal parts. For each CHD and ASD classification, the model was trained and tested 

five times during cross-validation, each time using a different fold for testing and the 

remaining four folds for training.2 During training, a CHD classification model and an 

ASD classification model were independently trained on the training set. During testing, the 

1Although the two-level system may carry a higher risk of error propagation, our preliminary experiments showed no significant 
difference in performance between the two-level approach and the three-way classification model.

Guo et al. Page 5

Birth Defects Res. Author manuscript; available in PMC 2025 March 31.

A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript



procedure included two classification steps. The test cases were first predicted by a CHD 

classification model. The cases predicted as having CHD during CHD classification were 

then processed through an ASD classification model to see if they were ASD or other CHD. 

Cases not identified as CHD during CHD classification were categorized as no CHD and no 

further action was taken.

All models were trained on AHS/PHS and STS cohorts combined. For the main analysis, 

testing was performed only on the AHS/PHS, because the AHS/PHS data set has a lower 

baseline PPV that would necessitate ML improvements (PPV 30.1%), unlike the STS data 

(PPV 94.7%). For comparison, we provide performance results when using both cohorts 

for testing to compare how the models perform on those cases combined relative to the 

performance on AHS/PHS cases alone.

2.3 | Models for CHD and ASD Classification

For both CHD and ASD classification, we compared the performance of two NLP models: 

SVM (Chang and Lin 2011) using text-based features (Khalifa and Meystre 2015) and 

a robustly optimized Transformer-based model (RoBERTa) (Liu et al. 2019). For CHD 

classification, we also compared the performance of a previously trained ML model, namely 

a scalable tree boosting system (XGBoost) (Chen and Guestrin 2016) that incorporated only 

non-text features (i.e., features derived from structured data and not clinical notes). As a 

supplemental analysis, we compared how all three models perform in CHD classification 

alone (i.e., stopping after the first step in the testing framework of Figure 1).

2.3.1 | SVM Model for CHD and ASD Classification—SVMs are often used when 

dealing with large feature spaces, making them a popular choice for text classification. To 

represent the clinical text notes as features, Term Frequency-Inverse Document Frequency 

(TF-IDF) for n grams (sequences of n words) was used, and in the current study, 1, 2, 3, 

and 4 grams were employed. TF-IDF is a statistic that measures the importance of a word 

in a document or set of documents. TF represents how often a word appears in a document 

(such as a clinical text note), while IDF represents how rare the word is across all documents 

in a training data set. TF-IDF helps to determine the significance of words in a document 

compared to the entire set of documents. Consequently, TF-IDF vectors assign higher 

numerical values to unique n grams in each document and lower values to those that appear 

uniformly across all documents. Stopwords were excluded, and only the top 1000 features, 

ranked by term frequency, were used for computing TF-IDF. In the training process, grid 

search was employed with the hyperparameters shown in Table S2. Furthermore, a class 

weighting strategy was implemented that automatically adjusts weights based on the inverse 

proportion of class frequencies in the input, so that the majority class receives a lower 

weight compared to the minority class during training to address imbalances in the data set. 

The equation for computing the class weight was described in Equation (S1).

2We implemented a nested cross-validation approach. During training, we performed fivefold cross-validation on the training set. In 
each fold, the data was split into a sub-training set and a subtest set. We then used grid search to identify the optimal hyperparameters 
by evaluating performance across the subtest sets.
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2.3.2 | Transformer-Based Model for CHD and ASD Classification—
Transformer-based models like RoBERTa have shown outstanding performance in many 

NLP tasks. Unlike traditional methods that extract features or generate n grams, RoBERTa 

splits clinical text notes into word pieces or tokens. Each token is then encoded into a vector, 

and these vectors are combined to form a vector representation of the clinical narrative. 

Unlike n-gram vectors that are sparse, the vectors generated by transformer-based models 

are dense and capture the context of each token. We chose RoBERTa from the many 

transformer-based models currently available since it has been demonstrated to be the best 

in past benchmarking studies, where RoBERTa achieved the top or comparable performance 

compared to the transformer-based models trained on clinical text (Liu et al. 2019; Guo et 

al. 2020, 2022). However, RoBERTa has a limitation of only being able to handle texts up 

to 512 tokens in vector format, and many clinical text notes exceed this length. To overcome 

this limitation, a sliding window strategy was employed for the current data, where long 

clinical text notes were split into multiple partial clinical text notes. Each partial clinical 

text note is represented as an individual document with a sliding window of 512 tokens. 

The model was applied independently to each subdocument, allowing for independent 

classifications. After obtaining classifications for each subdocument, a final classification 

approach was determined by taking the majority vote over all the subsequences. No cleaning 

was performed on the text. The average number of subdocuments for individuals with 

CHD, no CHD, ASD, and no ASD were 207, 241, 193, and 221, respectively. For specific 

RoBERTa, hyperparameters and technical details applied in the current study, see Table S3.

2.3.3 | XGBoost for CHD Classification—In our previous work, XGBoost 

outperformed other tested models (logistic regression, Gaussian Naïve Bayes [NB], and 

Random Forest) for similar CHD classification efforts (Shi et al. 2023). Therefore, for CHD 

classification in this project, an XGBoost model was trained using non-text features from 

the broader AHS/PHS data set of 1497 validated cases with CHD codes, and a legacy 

clinical cardiac database of 1213 validated cases. A variety of features (predictive variables), 

totaling 33,460, were initially created for each patient by summarizing and categorizing 

their ICD-9-CM codes, ICD-10-CM codes, and CPT codes across all medical visits in the 

surveillance period. Using the same training process described by Shi et al. (2023), feature 

selection was applied to identify and retain the subset of the most relevant features (n=2105) 

that best identified a true CHD, and XGBoost models with these selected features were 

trained on the AHS/PHS and legacy clinical cardiac data. This model was compared to 

NLP models that used text features for CHD classification and was evaluated on the same 

validation data as the NLP models (i.e., the test set of the AHS/PHS cohort with ASD/PFO 

ICD codes).

2.4 | Post-Classification Analysis

2.4.1 | Model Performance—Model performances were measured by the precision 

(PPV), recall (sensitivity), and F1 score (harmonic mean of precision and recall) metrics for 

each of the three groups (ASD, other CHD, no CHD). The F1 score served as the primary 

metric for comparison to ensure that neither precision nor recall is optimized at the expense 

of the other. Bootstrap resampling was used to compute 95% confidence intervals for the F1

scores (Efron 1979). Equations for computing these metrics are shown in Equation (1). The 

Guo et al. Page 7

Birth Defects Res. Author manuscript; available in PMC 2025 March 31.

A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript



mean and variance of performances across the five folds were computed. As supplemental 

analyses, we further assessed model performance in identifying individuals with any CHD 

(ASD and other CHD combined).

Recall (sensitivity) = True positive
True positive + False negative

(1)

Precision (PPV) = True positive
True positive + False positive

F1 score = 2 × Precision × Recall
Precision + Recall

2.4.2 | Receiver Operating Curve (ROC) and Precision Recall (PR) Curve—
For CHD classification, we used two tools to assess the impact of having an imbalanced 

distribution of cases with and without CHD on model performance: the (ROC) and the 

PR curve. The ROC curve portrays the model’s ability to distinguish between TP and 

FP by plotting the TP rate versus the FP rate at various thresholds. Additionally, a NB 

classifier using the same features as SVM was implemented as a baseline model, and a 

“no skill” classifier that performed random binary classification was plotted as a diagonal 

line for comparing models’ capabilities. The PR curve visualizes the precision score versus 

the recall score at different threshold levels. Both graphical representations provide an 

assessment of the model’s overall discriminatory capability. Area under curve (AUC) scores 

for the ROC and PR curves were also computed. ROC and PR curve analyses were 

performed for SVM and XGBoost for CHD classification. RoBERTa was not included 

because RoBERTa did not produce probability vectors, so RoBERTa’s performance could 

not be evaluated at distinct thresholds.

2.4.3 | Error Analysis—For both CHD and ASD classification, confusion matrices 

were generated for all three models (SVM, XGBoost, and RoBERTa) to uncover patterns 

in misclassifications. Confusion matrices provide systematic and structured breakdown of 

model predictions and categorize them into four distinct classes: true positives (TPs), true 

negatives (TNs), FPs, and false negatives (FNs). This delineation allows for a comprehensive 

understanding of model error patterns and, in turn, facilitates the identification of inherent 

weaknesses. This tool assesses how well models perform overall and allows the study of the 

ability of the model to identify true cases (TP and TN) and its tendency to make accurate 

classification/identification errors (FP and FN). This analysis provides insights into model 

performance and identifies areas for further model refinement or optimization.
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3 | Results

3.1 | Cohort Characteristics

Characteristics of the analytic cohorts are noted in Table 1. The AHS/PHS cohort was older 

(p < 0.001), had a lower proportion with true CHD (p < 0.001), and had lower PPV for ICD 

codes 745.5/Q21.1 (p < 0.001) in comparison to the STS cohort. There were more Hispanic 

patients in the STS cohort compared to the AHS/PHS cohort (p < 0.001), whereas the 

AHS/PHS cohort had more individuals with unknown race (p = 0.03) and unknown ethnicity 

(p < 0.001) compared to the STS cohort. In the AHS/PHS cohort, overlapping cases were 

identified, thus they are reported together in Table 1. To evaluate potential differences in this 

combined AHS/PHS data set, all overlapping cases were analyzed as AHS. Mean age at first 

encounter was higher in the AHS compared to PHS (43.6 vs. 3.0 years, p < 0.001). Female 

gender was more common in the AHS compared to PHS (61% vs. 45%, p < 0.001), whereas 

Hispanic ethnicity was more common in PHS (10.0% vs. 4.8%, p < 0.001), and there was no 

significant difference in race. The PPV for code 745.5/Q21.1 was 38.3% for PHS compared 

to 25.4% for AHS (p < 0.05).

3.2 | Classification Results

Table 2 presents the evaluation metrics, including precision, recall, and F1 scores, for the 

three groups (ASD, other CHD, no CHD) separately for the AHS/PHS cohort. (results for 

the AHS/PHS + STS cohort are in Table S4). For the ASD group, the system using SVM 

for CHD classification and RoBERTa for ASD classification resulted in the highest overall 

precision score (0.90) but at the expense of recall (0.18); in other words, 82% of true 

ASD cases are excluded from this group using this combination. The system using SVM 

for both CHD and ASD classification achieved the highest F1 score (0.53), demonstrating 

a better balance between precision (0.83) and recall (0.39). For the other CHD group, 

the SVM-based system for CHD and ASD classification had the best precision (such 

that 33% actually had CHD other than ASD), but the XGBoost-SVM system achieved 

the highest F1 score (0.39). For the no CHD group, the system using SVM for CHD 

classification achieved comparable precision (0.69) but significantly higher recall (0.92) than 

other models, contributing to a higher F1 score (0.78). When comparing model performance 

for CHD classification alone (Table S5), XGBoost had the highest F1 score (0.69) in the 

AHS/PHS data but the SVM system had the highest precision; of cases classified as having 

CHD with SVM, 84% actually had a CHD (i.e., a recall of 0.84), compared to 45.7% when 

relying on ICD-codes alone (as noted in Table 1).

3.3 | Post-Classification Analysis

3.3.1 | ROC and PR Curve Analysis—Figure 2 illustrates the ROC and PR curves 

for SVM, XGBoost, NB, and “no skill” models for CHD classification, respectively. For 

both curves, SVM and XGBoost achieved substantially higher AUC scores compared to 

the NB classifiers, demonstrating that these models effectively identify cases with CHD. 

In both curves, the AUC score for the SVM model is slightly higher than that for the 

XGBoost model (consistent with results in Table 2). These findings suggest that the SVM 

and XGBoost models were not substantially influenced by the data imbalance.
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3.3.2 | Error Analysis—For CHD classification (Figure 3a), the SVM model exhibited 

an increase in TNs and a decrease in FPs when compared with results from the RoBERTa 

and XGBoost models. The difference between TNs and FPs for SVM was significantly 

larger than that for RoBERTa and XGBoost. However, the difference between TPs and FNs 

for SVM was significantly smaller than that for XGBoost and comparable to RoBERTa. For 

ASD classification among the entire AHS/PHS cohort (Figure 3b), both models exhibited 

substantially more TNs than TPs. The difference between TNs and TPs for SVM was 

smaller than that for RoBERTa, but the difference between TPs and FNs for SVM was 

significantly smaller than that for RoBERTa. Overall, SVM outperformed RoBERTa for 

ASD classification for individuals with CHD.

4 | Discussion

Our CHD/ASD classification approach, using complementary methods of ML to improve 

the accuracy of the overall cohort within the CHD ICD code group followed by NLP to 

further improve accuracy of the problematic subgroup 745.5/Q 21.1 within the CHD code 

group, addresses the problem of detecting patient cohort subsets that may not be covered 

by unique ICD codes, thus improving the accuracy of the larger cohort to accurately reflect 

the population of interest. Results from our proposed two-level model, which leverages NLP 

and a ML model trained on structured data, demonstrate that it is a promising scalable 

solution for identifying and more accurately distinguishing individuals with CHD and 

ASD, individuals with CHD other than ASD, and individuals without CHD compared to 

ICD codes alone. This methodology can improve both inclusivity and accuracy of CHD 

surveillance data sets. Despite the high prevalence of ASD/PFO codes in administrative 

data (Rodriguez et al. 2018), many analyses using clinical and administrative data opt to 

exclude individuals with only these codes due to low PPV, and likely exclude 100% of true 

ASD cases (who have no other CHD) (Burchill et al. 2018; Lui et al. 2022; Gurvitz et al. 

2020; Downing et al. 2022; Agarwal et al. 2019). As an alternative to this exclusion, among 

people with these codes and clinical notes available, our classification system improved 

the identification of true ASD cases from 30% to 83%, while retaining nearly 40% of all 

true ASD cases in the data set. The use of the F1 score as the primary metric for system 

comparison ensured that equal weight was given to precision and recall—either can be 

optimized with significant cost to the other, resulting in inflated estimates of performance 

(e.g., a precision-optimized system may achieve 100% precision but only detect a small 

proportion of relevant patients). In application settings, investigators can assign weights 

based on the priority of the metric by using the Fβ score, where β > 1 favors recall and β < 1 

favors precision.

The results have also revealed several key insights into the performance of different 

classification models, namely SVM, RoBERTa, and XGBoost, in identifying true CHD 

and true ASD among individuals with ASD/PFO diagnosis codes. Different combinations of 

models had different strengths in precision and recall, depending on the classification group 

(ASD, other CHD, or no CHD) and the data set. Overall, the system using SVM for both 

CHD and ASD classification consistently achieved the highest F1 scores for the ASD and 

no CHD groups, and the XGBoost-SVM system achieved the highest F1 score for the other 
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CHD group. In the AHS/PHS data set, those identified by the SVM-SVM system as having 

an ASD account for 39% of all true ASD cases in the data, and of those classified as having 

ASD by the system, 83% actually have a true ASD. This is a substantial improvement 

compared to relying on the ICD-9-CM and ICD-10-CM code for ASD, of whom only 30.1% 

actually had a true ASD in the structured data. More accurate classification of ASD and PFO 

in eHRs would improve our understanding of these two distinct conditions which share an 

ICD code. Although a new ICD code for PFO, Q21.12, recently went into effect on October 

1, 2023, historical databases and administrative data sets will not contain this distinction 

between ASD and PFO.

Through error analysis, the divergence in performance for CHD classification could be 

linked to the distinctive use of n-gram features by SVM. The incorporation of n-gram 

features allowed SVM to potentially capture essential words or phrases within the clinical 

notes, enhancing its ability to identify cases without CHD. This suggests that the textual 

content within clinical notes may contain valuable linguistic markers that were effectively 

harnessed by the n-gram feature representation. In contrast, RoBERTa leveraged document 

embedding, while the XGBoost model relied on meta features. In comparing these 

approaches, it appeared that the straightforward inclusion of plain text features from clinical 

notes by the SVM may offer a more potent means of representing the cases without 

CHD. This underscores the importance of considering feature extraction methods in the 

context of the specific characteristics of the data under examination. The confusion matrix 

further revealed that SVM was better at striking a balance between TPs and TNs, while 

RoBERTa was better at identifying the negative class than the positive class for ASD 

classification. This suggests that the specific indicators for ASD might not be distributed 

throughout clinical text notes but could be concentrated in specific words or phrases. It 

is also possible that RoBERTa, a language model pretrained on generic web content such 

as English Wikipedia and user-generated comments from Reddit (Liu et al. 2019), might 

not capture the linguistic nuances associated with less common cardiovascular conditions. 

Pretraining models with problem-specific data may lead to better performances, as observed 

in prior works (Guo et al. 2023; Downing et al. 2022; Agarwal et al. 2019).

Overall, results from the current study demonstrated the effectiveness of a rigorously 

constructed and validated ML and NLP pipeline for accurately classifying rare patient cohort 

subsets in the context of CHDs. This methodology has the potential to create more inclusive 

and more accurate CHD data sets from eHRs, and may also be adapted for solving other 

similar problems within the broader medical domain. The key strengths of the current study 

can be summarized as follows:

• This study takes an innovative approach to improve CHD and ASD classification 

by leveraging clinical text notes with carefully crafted annotation guidelines, 

contributing to a high-quality, labeled data set for these conditions. While prior 

studies have also used clinical text, our work advances this field by focusing on 

a unique and specialized annotation process to enhance data quality for these 

challenging diagnoses.

• We developed and evaluated three NLP-based classification models for CHD 

(SVM, XGBoost, and RoBERTa) and two for ASD (SVM and RoBERTa), 
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showcasing the feasibility and effectiveness of using clinical notes in accurately 

identifying cases of CHD and ASD within a cohort with CHD. Our findings 

underscore the potential of these models to support accurate clinical decision-

making based on narrative medical records, an area that remains underexplored 

for these specific conditions.

• A rigorous analysis of potential limitations of SVM, XGBoost, and RoBERTa 

models for CHD and ASD classification revealed that combining linguistic and 

ML features might improve overall model performance.

5 | Limitations

One limitation of the current study is that ambiguous documentation in the medical record 

may limit model performance. Cases may have documentation of both ASD and PFO 

in different clinical text notes, reflecting the difficulty physicians may have in clinically 

distinguishing between ASD and PFO, particularly physicians who are not specialists in 

CHD. During the case validation process, abstractors assigned a diagnosis based on a 

thorough review of medical records, prioritizing the diagnosis of congenital specialists in 

making a determination. Future studies could similarly prioritize inclusion of specialist notes 

or imaging notes in NLP models. Moreover, the model’s performance can be constrained 

by the imbalanced distribution between individuals with and without CHD. The CHD 

classification model was trained on a data set predominantly composed of individuals with 

CHD. This imbalance might compromise the model’s robustness when encountering data 

sets involving a larger proportion without CHD. The potential application of the current 

study’s methodology may also be constrained by the necessity for clinical text notes to be 

available in eHRs. Cases that lack clinical text notes could not be included in the current 

study’s cohort. The absence of clinical text notes could be due to limitations of the legacy 

medical record systems where notes must be scanned into a patient’s eHR, and thus not 

accessible for NLP methods, or due to outdated medical records systems that do not have 

access to older clinical text notes at all. Nevertheless, now, as almost all health systems are 

digitized, the use of NLP-based methods for cohort creation will prove highly useful going 

forward beyond the scope of this study. This study is strengthened by the large, validated 

data set composed primarily of CHD cases for training the supervised learning models. 

Replication of our findings in additional data sets is needed.

6 | Conclusions

This study provides important insights into the performance of SVM, RoBERTa, and 

XGBoost models in identifying cases with CHD and cases with ASD for individuals with 

CHD. The SVM model for both CHD and ASD classification was the top-performing 

model, but there is potential for combining different models to improve classification 

performance. Current findings underline the potential of applying NLP techniques to disease 

classification tasks and also call for an effective approach to combine NLP models and 

nonlinguistic, feature-based ML models. Incorporating ML and NLP in CHD surveillance 

may improve accuracy of CHD identification and ultimately improve patient outcomes. The 

proposed two-step methodology may also be replicated for other patient cohorts.
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FIGURE 1 |. 
System framework for training and testing CHD and ASD classification models. (a) Model 

training. (b) Model testing (inference). ASD = secundum atrial septal defect; CHD = 

congenital heart defects.
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FIGURE 2 |. 
ROC (left) and PR curves (right) for SVM, XGBoost, NB, and “no skill” models classifying 

individuals with ASD/PFO ICD codes as having CHD or not, evaluated on the AHS/PHS 

cohort. For each model, fivefold cross validation was performed. The average estimate 

and standard deviation over five sub-data sets reported. ASD = secundum atrial septal 

defect; AUC = area under the curve; CHD = congenital heart defects; ICD = International 

Classification of Diseases; PFO = patent foramen ovale; PR = precision recall; RoBERTa = 

a robustly optimized BERT pretraining approach; ROC = receiver operating curve; SVM = 

Support Vector Machine; XGBoost = a scalable tree boosting system.
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FIGURE 3 |. 
The normalized confusion matrices for models used for CHD and ASD classification, 

among all cases with ASD/PFO ICD codes identified in the AHS/PHS cohort. (a) Confusion 

matrices for SVM, RoBERTa, and XGBoost for CHD classification. (b) Confusion matrices 

for SVM and RoBERTa for ASD classification. ASD = secundum atrial septal defect; CHD 

= congenital heart defects; FN = false negative; FP = false positive; ICD = International 

Classification of Diseases; PFO = patent foramen ovale; SVM = support vector machine; TN 

= true negative; TP = true positive; XGBoost = a scalable tree boosting system.
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