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Abstract

Background: Integration of electronic health records (EHRS) into clinical research offers numerous opportunities for advancing
healthcare delivery and patient outcomes, particularly in the era of machine learning (ML). However, EHR data needs to be
coded accurately to ensure that models are learning correct representations of diseases.

Objective: This study examines the accuracy of gestational diabetes mellitus (GDM) diagnoses in EHRs compared with a
clinical team database (CTD) and their impact on ML models.

Methods: EHRs from 2018-2022 were validated against CTD data to identify true positives (TP), false positives (FP), true
negatives (TN), and false negatives (FN). Logistic regression (LR) models were trained and tested using both EHR and validated
labels, whereafter simulated label noise was introduced to increase FP and FN rates. Model performance was assessed using
Receiver Operating Characteristic Area Under the Curve (ROC-AUC) and average precision (AP).

Results: Among 3,952 patients, 3,388 (85.7%) were correctly identified with GDM in both databases, while 564 cases lacked a
GDM label in EHRs and 771 were missing a corresponding CTD label. Overal, 87.5% of cases were TN, 9.0% TP, 2.0% FP,
and 1.5% FN. The model trained and tested with validated labels achieved a ROC-AUC of 0.817 and an AP of 0.450, whereas
the same model tested using EHR labels achieved 0.814 and 0.395, respectively. Increased label noise during training led to
gradual declines in ROC-AUC and AP, while noise in the test set -- especially elevated FP rates -- resulted in marked
performance drops.

Conclusions: Discrepancies between EHR and CTD diagnoses had limited impact on model training but significantly affected
performance eval uation when present in the test set, emphasising the importance of accurate data validation.

(IMIR Preprints 21/02/2025:72938)
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ABSTRACT
Objective: This study examines the accuracy of gestational diabetes mellitus (GDM) diagnoses in
electronic health records (EHRs) compared with a clinical team database (CTD) and their impact on
machine learning (ML) models.
Methods: EHRs from 2018-2022 were validated against CTD data to identify true positives (TP),
false positives (FP), true negatives (TN), and false negatives (FN). Logistic regression (LR) models
were trained and tested using both EHR and validated labels, whereafter simulated label noise was
introduced to increase FP and FN rates. Model performance was assessed using Receiver Operating
Characteristic Area Under the Curve (ROC-AUC) and average precision (AP).
Results: Among 3,952 patients, 3,388 (85.7%) were correctly identified with GDM in both
databases, while 564 cases lacked a GDM label in EHRs and 771 were missing a corresponding CTD
label. Overall, 87.5% of cases were TN, 9.0% TP, 2.0% FP, and 1.5% FN. The model trained and
tested with validated labels achieved a ROC-AUC of 0.817 and an AP of 0.450, whereas the same
model tested using EHR labels achieved 0.814 and 0.395, respectively. Increased label noise during
training led to gradual declines in ROC-AUC and AP, while noise in the test set -- especially elevated
FP rates -- resulted in marked performance drops.
Conclusion: Discrepancies between EHR and CTD diagnoses had limited impact on model training
but significantly affected performance evaluation when present in the test set, emphasising the

importance of accurate data validation.

Keywords: electronic health records, gestational diabetes, label noise, pregnancy, validation.
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INTRODUCTION

Electronic health records (EHRs) are an important source of real-world data, offering
detailed, longitudinal patient information historically stored in medical charts, and forming the basis
of real-world evidence [1,2]. Together with advancements in artificial intelligence and machine
learning (ML), EHRs are increasingly being used to develop models that improve prediction of
health and disease outcomes [3].

Integration of EHRs into clinical research offers numerous opportunities for advancing
healthcare delivery and patient outcomes. However, EHR data is often stored in unstructured formats
like free text, requiring information extraction algorithms to enable to ML applications [4]. This
extraction process can introduce data quality concerns due to various issues such as data entry errors
and cut and paste errors [5]. The quality and consistency of EHR data is particularly critical when the
target variable, i.e. the variable being predicted, is used in ML models.

Inaccuracies in EHRs present challenges for developing and applying ML algorithms in
healthcare, primarily due to the dependency on data quality and accuracy of target labels [6]. This
“label noise”, which refers to inaccuracies or inconsistencies in the data labels (e.g., diagnosis codes)
extracted from EHRs, can significantly impact model performance by introducing errors in the target
variable, leading to potentially misleading conclusions [7]. Training ML models on unvalidated
EHRs may lead to systematic errors in the model output with the potential for the model to miss,
underestimate, or overestimate clinically-significant relationships [8,9].

Accurate diagnosis and recording of gestational diabetes mellitus (GDM) in EHRs is
important not only for effective patient management, but also for informing public health strategies
and economic forecasting in national healthcare planning [10,11]. EHRs are often used to train ML
approaches that support clinical decision-making and care pathways that improve pregnancy
outcomes [12]. However, the utility of EHRs remains a concern due to potential discrepancies in data

recording practices [8]. When using ML in GDM prediction [13], the accuracy of input data is

https://preprints.jmir.org/preprint/72938 [unpublished, non-peer-reviewed preprint]
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paramount because inaccuracies can lead to flawed prediction models, and ineffective or adverse
clinical decisions [14].

Several studies have utilized EHRs to build ML models predicting the likelihood of
developing GDM later in pregnancy [15], but none have described validation of the GDM ‘label’
within the EHRs. This study has three primary aims: first, to assess the accuracy of reporting of
GDM diagnoses in EHRs by comparing them to a database maintained in real-time by the hospital’s
clinical team; second to evaluate how discrepancies in GDM reporting impact machine learning
models; and third, to examine ML model performance using varying levels of simulated label noise
in the dataset. By identifying discrepancies between these data sources, we aim to highlight the

importance of data validation for advancing digital health and ML-driven healthcare.

METHODS
Study Design

A retrospective validation design was employed to assess the accuracy of GDM diagnoses
recorded in the EHRs of a national maternity hospital (The Coombe Hospital, Dublin). We matched
patient identifiers (IDs) between the EHR system and a reference standard established by a real-time
clinical team database (CTD) of those formally-diagnosed with and managed for GDM, which
served as a ground truth. This approach allowed for direct comparison between the recorded GDM
status in the EHRs and the validated GDM status from the CTD, enabling identification of true
positives (TP), false positives (FP), true negatives (TN), and false negatives (FN) in the EHRs.
Further, the effect of label noise on ML model performance in predicting the development of GDM
(binary classification) was evaluated by firstly, examining its impact in our current EHR dataset, and
then secondly, simulating progressively increasing levels of label noise to understand its effect on

ML model performance both in terms of training and testing.

https://preprints.jmir.org/preprint/72938 [unpublished, non-peer-reviewed preprint]
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Data Source and Validation

The EHR system serves as the repository for patient medical histories, including diagnoses,
family history, and outcomes for pregnant women receiving care at the institution. The data is
collected routinely from all women by trained midwives using standardized questions and is then
computerized onto the electronic system of the hospital, “Euroking K2”. EHRs were collected from
2013 to 2023 and consisted of over 80,000 pregnancies during this time. The dataset from the CTD
spanned from 2018 to 2022, thus the timeframe for this analysis spanned from 2018 to 2022
(inclusive). Women aged 18 or above with complete information on GDM status were included in
the analysis. Pregnancies with missing or incomplete data for critical variables, women without a
recorded GDM status, and pregnancies with pre-existing diabetes were excluded. ML models were
trained and tested on pregnancies with complete EHR data up to the 12" week of gestation.

GDM diagnoses were extracted from the EHRs based on information recorded in a column
titled "Medical problems during pregnancy.” When this column contained the entry "Diabetes
developed during pregnancy", the patient was coded as having GDM in a newly created column
designated for this study's analysis, referred to hereafter as "EHR-GDM." Patient records not
meeting this criterion were coded as not having GDM.

Patient IDs from the EHRs were then matched with a separate database maintained in real-
time by the clinical team responsible for diabetes care, with patient details entered each day upon
confirmation from the hospital laboratory of a diagnosis of GDM from an oral glucose tolerance test
(OGTT) following the International Association of the Diabetes and Pregnancy Study Groups
(IADPSG) guidelines. This matching process produced a merged dataset for validating EHR-
recorded GDM diagnoses against the CTD database, leading to the creation of two comparison
columns: “EHR-GDM” for EHR-identified cases of GDM and “CTD-GDM?” for cases of GDM
recorded by the CTD.

The validation process involved comparing the GDM diagnosis status in the EHR (“EHR-

https://preprints.jmir.org/preprint/72938 [unpublished, non-peer-reviewed preprint]



JMIR Preprints Germaineet a
GDM?”) with that in the CTD (“CTD-GDM?”) to examine the agreement between the two datasets.
This comparison allowed for the identification of TPs (positive in EHRs and present in CTD), FPs
(positive in EHRs and not present in CTD), TNs (negative in EHRs and not present in CTD), and
FNs (negative in EHRs and present in CTD), and thereby enabling evaluation of the accuracy of the
reporting of GDM diagnosis in the EHRs. An additional column, VAL-GDM, was created indicating
a positive or negative diagnoses of GDM for cases where the EHR-GDM and CTD-GDM labels
matched i.e. for TPs and TNs excluding records with FPs and FNs. The true positive rate (TPR),
false positive rate (FPR), true negative rate (TNR) and false negative rate (FNR) were calculated for

the dataset [16].

Evaluation of Label Noise on ML Modelling

To evaluate the impact of label noise on the performance of ML models in predicting GDM,
we employed logistic regression (LR) where the dataset was split into 70% training and 30% test sets
to ensure robust evaluation. Default model hyperparameters were used, as the primary objective was
to compare performance across different training datasets rather than optimising hyperparameter
settings. The training and testing data comprised of EHR data that was available during the first
booking visit, typically the 12™ week of gestation, and included 79 training features. The target label
was GDM. The dataset contained both categorical and numerical features. Categorical features were
processed using OneHotEncoder with the 'first' category dropped, and numerical features were
standardized using StandardScaler. While the goal of this paper is not to produce an endpoint Al
model, a self-assessment checklist for reporting was followed to ensure adequate information about
the ML model was present [17].

We trained two ML models: one with the EHR-GDM labels and the other with the VAL-
GDM labels. Both models were evaluated using the same test set, which used validated VAL-GDM

labels, to facilitate a direct comparison of the effects of label noise during training on a consistent
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test set. The year 2020 was excluded from these analyses due emerging research demonstrating
reduced detection of diseases during this period [18], something that we confirm in our results below.
By using both the ‘raw’ and ‘validated’ datasets, the study aimed to demonstrate the impact of label
noise on model performance in the prediction of GDM, providing insights into the importance of
accurate label validation in developing reliable predictive models using ML.

Additionally, varying levels of label noise were introduced to determine the threshold at
which label noise significantly affects model performance. This simulation was performed by
progressively increasing the number of FPs and FNs in the VAL-GDM training set from 0% to 90%
i.e. changing a percentage of the positive labels to negative labels (creating FNs) and changing a
percentage of negative labels to positive labels (creating FPs). This approach resulted in the training
of 100 different models. Next, in a separate analysis we applied this progressive noise insertion to the
VAL-GDM test set to specifically assess the impact of test set label noise on model evaluation i.e.

evaluating these test sets using a model trained with the ‘clean’ VAL-GDM labels.

Statistical Analysis

The validation findings were quantitatively assessed using accuracy, precision, recall, F1 and
overall agreement measured by Cohen’s Kappa, between the EHR-recorded GDM diagnoses (EHR-
GDM) and the clinical team database (CTD-GDM). The performance of the LR ML models were
evaluated using Receiver Operating Characteristic Area Under Curve (ROC-AUC) and the Average
Precision score (AP). The statistical and ML analysis were performed using Python version 3.8.8

with libraries including NumPy 1.23.5, pandas 1.2.4, and scikit-learn 1.2.1.

RESULTS
Population Characteristics

The dataset comprised 37,651 EHRs from 31,100 unique patients. The mean+SD patient age

https://preprints.jmir.org/preprint/72938 [unpublished, non-peer-reviewed preprint]
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was 32+5 years, and body mass index (BMI) was 26.2+5.5 kg/m?, with 20.7% exhibiting a BMI
greater than 30.0 kg/m?. The prevalence of GDM according to the EHRs was 11.0%, whereas the
prevalence according to the CTD was 10.5%. Patient characteristics for the most important features

in the machine learning models are presented in Table 1.

Diagnosis Discrepancies

Of 3,952 patients with matching IDs in both databases, 3,388 were correctly identified with
GDM in both EHR-GDM and CTD-GDM (9.0% TP and 85.7% TPR), while 564 lacked a
corresponding GDM label in EHR-GDM (1.5% FN and 14.3% FNR) (Figure 1). Additionally, 771
patients were incorrectly identified with GDM in EHR-GDM without matching IDs in CTD-GDM
(2.0% FP and 2.3% FPR). In EHRs there were 32,928 (87.5%) TN cases (97.7% TNR) (Figure 1).

The accuracy, precision, F1 score and Cohen’s kappa are reported in Table 2.

Yearly Data Comparison

Ninety-eight patients identified in CTD lacked corresponding entries in EHRs. Sixty-seven
(68%) of these discrepancies were observed in 2020 (Figure 1). Furthermore, GDM prevalence for
both EHRs and CTD datasets revealed a notable reduction in 2020 (recorded at 10.0% in EHRs and

7.7% in CTD), indicating a deviation from the trend observed in other years (Figure 2).

Label Noise in EHRs

The performance of LR models trained using the raw (EHR-GDM) and validated (VAL-
GDM) labels was evaluated using a test set with VAL-GDM labels only. The model trained using the
EHR-GDM labels achieved a ROC AUC of 0.817 and an AP score of 0.451. In comparison, the
model trained using the VAL-GDM labels showed a ROC AUC of 0.817 and an AP score of 0.450

(Figure 3), indicating a minor impact of label noise in training the model for this dataset. However,

https://preprints.jmir.org/preprint/72938 [unpublished, non-peer-reviewed preprint]



JMIR Preprints Germaineet a
when the performance of the LR ML model trained using VAL-GDM labels was evaluated on a test
set with  EHR-GDM labels, a ROC AUC of 0.814 and an AP score of 0.395 was achieved, which

demonstrates a greater impact of label noise when it is present in the test set.

Simulated Label Noise

The impact of simulated label noise on model performance was assessed by progressively
increasing the number of FNs (pos_noise_level) and FPs (neg_noise_level) in the training set (where
0% noise equates to the original VAL-GDM labels) without modifying the testing set. The results
demonstrate a decline in model performance as the level of label noise increases (Figure 4).

Further analysis of noise in the test set showed that model performance metrics, particularly
ROC AUC and AP scores, were sensitive to increasing levels of noise, especially FP noise. As the FP
rate (neg_noise_level) was increased, the ROC AUC consistently decreased, while the AP score
initially decreased before increasing. The introduction of FN (pos_noise_level) into the test set had a
less pronounced effect on performance compared to FP, unless both types of noise were combined,

which led to a more substantial impact (Figure 4).

DISCUSSION

The This study highlights significant discrepancies be. tween GDM diagnoses recorded in
EHRs and those validated by the CTD. Correcting label noise in the training set had a negligible
impact on the performance of an LR-based ML model developed from EHRs to predict GDM from
early pregnancy data. However, correcting label noise in the test set improved the model's average
precision, underscoring the importance of accurate labelling for evaluating model performance
accurately. The study also found that increasing label noise in the training set led to a gradual decline
in model performance, whilst increasing FPs in the test set had a particularly strong negative impact

on ROC-AUC, but counterintuitively increased AP scores. FNs had a less pronounced impact on

https://preprints.jmir.org/preprint/72938 [unpublished, non-peer-reviewed preprint]
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ROC-AUC unless combined with FP, which then caused a decline in model performance.

Approximately 14% (564/3,952) of GDM cases were not recorded in the EHRs, while 18.5%
(771/4,159) of positive GDM diagnoses in EHRs did not align with CTD records. Overall, there were
32,928 (87.5%) TN, 3,388 (9.0%) TP, 771 (2.0%) FP, and 564 (1.5%) FN. The FPR (2.3%) remained
low in comparison to the FNR (14.3%). Similar discrepancies in accuracy of EHRs have been
reported in previous studies within Irish maternal hospitals, though with higher agreement in other
contexts, such as miscarriage measurements (k=0.92) [19]. More widely across Europe, wide
variations exist in the accuracy of reporting in EHRs as it relates to acute cardiovascular outcomes,
with sensitivity reported at <66% for heart failure diagnoses in particular [20]. A key challenge in
these studies is the absence of a recommended reference standard for validating EHR data, leading to
the use of various data sources [8].

The impact of COVID-19 on screening and diagnostic practices, especially in 2020,
manifested in a relative reduction of 31% in GDM diagnoses i.e. 11.2% across 2018, 2019, 2021, and
2022 compared to 7.7% in 2020. This observations aligns with research indicating reduced diagnosis
rates for various medical conditions during the first year of the pandemic [18], and suggests caution
being warranted when utilising EHRs during this year for the purpose of healthcare modelling.

Correcting label noise has been shown to mitigate its adverse effects on model performance,
underscoring the importance of ‘clean’ and accurate datasets for training and validating ML
algorithms to ensure their efficacy in clinical decision support systems [21]. For example, training a
model on a ‘clean’ dataset resulted in an accuracy of 73.6%, whereas with 30% label noise the
accuracy fell to 64.1% (-9.5%) [21]. However, the current analysis demonstrated that training a LR
model using EHR-GDM labels versus validated VAL-GDM yielded negligible differences in
performance metrics, with ROC AUCs of 0.817 and 0.817, respectively (Figure 3). This is
presumably due to the low overall representation of FN and FP in the dataset of 3.5% combined.

Previous work has simulated noisy labels with artificial introduction of different levels of

https://preprints.jmir.org/preprint/72938 [unpublished, non-peer-reviewed preprint]
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label noise (10%, 20%, and 40%) into the training set, and demonstrated a gradual decline in the
accuracy of all models (mean AUC of all models at 10%: 81.3, 20%: 80.2, and 40%: 78.4) as label
noise increased [22]. The approach taken in the present study differs in that it introduces systematic
label noise using Noise at Random (NAR) [23], increasing both the FP and FN rates linearly.
Introducing noise into the training set resulted in a gradual decline in model performance, with both
ROC AUC and AP scores decreasing as the level of noise increased. The model was particularly
sensitive to FP, which caused a more pronounced decline in performance compared to FN.
Introducing noise into the test set also impacted model performance, but the effects were more
complex. The ROC AUC consistently decreased as FP rates increased, indicating that the model’s
ability to distinguish between classes was compromised. However, the AP score showed a different
pattern, with an initial decline followed by an increase as noise levels were increased. The
introduction of FN in the test set had a less pronounced effect on performance compared to FP,
unless FP and FN were combined, which led to a more marked decline in the model’s overall
performance.

The increase in the AP score as the FP rate in the test set increased can be attributed to the
method of calculating AP. AP evaluates the precision-recall trade-off across different thresholds,
specifically calculating the proportion of TP to the sum of (TP + FP). When the majority of the
negative class in the test set is artificially converted to positive, the opportunity for FP to occur is
significantly reduced. This reduction in potential FP leads to an increase in precision, which in turn
increases the AP score. Additionally, this manipulation dramatically alters the (e.g. class balance
from 90% negative to 90% positive), further influencing the precision-recall dynamics and
contributing to the observed ostensible increase in AP.

In conclusion, the identified discrepancies in EHR-recorded GDM diagnoses compared to
‘true’ GDM diagnoses reflect broader concerns about the accuracy of EHRs for public health and ML

applications. Further, the magnitude of inaccuracies may play an important role for maximising the
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utility of EHRs in enhancing healthcare outcomes, particularly for conditions such as GDM.
However, when these discrepancies remain a small percentage (e.g. <5%) of the dataset, like in the
case of the present study, there was no noticeable impact on model training performance. Conversely,
the risk of incorrect model evaluation increases when the test set labels are impacted by noise, as this
has a more pronounced effect on performance metrics. These observations emphasise the importance
of incorporating robust data cleaning, preprocessing, and validation methodologies in the
development of ML models for healthcare. Future efforts should aim at developing standardised
validation protocols for EHRs to ensure high data quality for training and evaluating ML algorithms.
Abbreviations: (BMI) Body mass index, (CTD) Clinical team database, (EHR) Electronic health
records, (GDM) Gestational diabetes mellitus, (IADPSG) International Association of Diabetes and
Pregnancy Study Groups, (IDs) patient identifiers, (ML) Machine learning, (OGTT) oral glucose

tolerance test
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TABLES
Table 1. Patient characteristics for the most important features in the machine learning models,

according to the validated dataset.

Characteristics Mean+SD/Prevalence
Age (years) 32+5
BMI (kg/m?) 26.2+5.3
Systolic Blood Pressure (mmHg) 111+11
Diastolic Blood Pressure (mmHg) 67+8
Parity 0.9+1.1
Ethnic Origin of Patient

Caucasian 87.8%

South East Asian 4.9%

Black 2.0%
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Asian 1.8%
Middle Eastern 0.6%
Latin American 0.1%
Mixed 0.1%
Other 3.0%
Occupation Skill Level (ISCO)
Level 0 (Unemployed) 19.0%
Level 1 (Elementary occupations) 1.3%
Level 2 (Clerical and Service) 15.9%
Level 3 (Technicians & Associates) 8.6%
Level 4 (Professionals and Managers) 55.1%
Family history of diabetes mellitus 23.3%
History of GDM 3.9%
Other Endocrine Problems 21.4%
Prevalence of GDM 11.7%

Table 2. Performance metrics for the comparison of GDM diagnoses in electronic health records

(EHR) with the real-time clinical team database (CTD).

Year Cohen’s Accuracy  Precision Recall F1 Score
Kappa
All Years 0.82 0.96 0.81 0.86 0.84
2018 0.80 0.96 0.78 0.86 0.82
2019 0.82 0.96 0.86 0.82 0.84
2020 0.77 0.96 0.70 0.90 0.79
2021 0.86 0.97 0.89 0.87 0.88
2022 0.82 0.97 0.82 0.86 0.84
All minus
2020 0.82 0.97 0.84 0.85 0.84
Supplementary Table

Table 3. Comparison of receiver operating characteristic area under the curve (ROC AUC) and
average precision for machine learning models predicting gestational diabetes mellitus (GDM)

trained on the raw data and on the validated data.

ROC AUC Average Precision
Model Raw Val Raw Val
Logistic Regression 0.819 0.818 0.455 0.453
Random Forest 0.798 0.801 0.422 0.423
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XGBoost 0.787 0.783 0.401 0.386
EBM 0.818 0.816 0.456 0.453
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Figures
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Confusion matrix comparing GDM diagnoses in electronic health records (EHR-GDM) with validated data from the clinical

team database (CTD-GDM). The matrix shows 3,388 true positive cases (TP), 564 fal se negative cases (FN), 771 false positive
cases (FP), and 32,928 true negative cases (TN).

True Positive (TP) False Negative (FN)
E Yes 3,388 564
2
g
E False Positive (FP) True Negative (TN)
g No M 32,928
o

Yes No
GDM according to EHR
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Comparison of prevalence rates of GDM diagnosis between electronic health record (EHR-GDM) data and the clinical team
database (CTD-GDM) from 2018 to 2022. The solid line represents the CTD data, and the dashed line represents the EHR data.
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Receiver operating characteristic (ROC) curves and precision-recall (PR) curves for logistic regression models predicting
gestational diabetes mellitus (GDM) trained using the EHR-GDM data (A, B) and on the VAL-GDM validated data (C, D).
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Heatmap showing the impact of simulated label noise in the training set on model performance (ROC AUC, A; AP, B), andin
the test set on model performance (ROC AUC, C; AP, D) across varying levels of false positive (Neg Noise Level) and false

negative (Pos Noise Level) rates.
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