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From genome sequencing to single-cell multi-omics profiling, bioinformatic data holds massive 
promise, calling for data interpretation to facilitate the development of precision medicine with 
artificial intelligence technologies. Moreover, clinical health records and real-time sensing data from 
wearable devices could provide deeper insights into construction of multidimensional personalized 
digital profiles. While precision medicine is an appealing concept, several core challenges still impede 
translation from bench to the bedside, including heterogeneity challenges across varied data sources, 
integration challenges facing privacy and permission concerns, and real-world challenges with a wider 
and more complicated disease range than training sets. In this Collection, we publish original research 
and contributions across all aspects of artificial intelligence, machine learning, and precision medicine.
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Abbreviations
AP	� Acute pancreatitis
AS	� Aortic stenosis
AI	� Artificial intelligence
AF	� Atrial fibrillation
BiT-MAML	� Bidirectional LSTM-Transformer with Model-Agnostic Meta-Learning
BiGW	� Big ideas-glycemic-wearable
BG	� Blood glucose
BP	� Blood pressure
BTEMP	� Body temperature
BVP	� Blood volume pulse
CHD	� Coronary heart disease
CNN	� Convolutional neural network
XGBoost	� EXtreme Gradient Boosting
FIND-AF	� Future Innovations in Novel Detection for Atrial Fibrillation
HR	� Heart rate
IG	� Interstitial glucose
LNN	� Liquid neural network
LR	� Logistic regression
ML	� Machine learning
MHRD	� Maternal health risk dataset
MLP	� Multilayer perception
SpO2	� Peripheral capillary oxygen saturation
RF	� Random forest
RR	� Respiration rate
TCM	� Traditional Chinese Medicine
STEMP	� Skin temperature
SVM	� Support vector machine
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In recent years, artificial intelligence (AI) technology has gained popularity across various fields1. AI was 
formally defined at the Dartmouth conference in 19562. With the passage of time, it developed rapidly and 
now encompasses a range of techniques, most importantly machine learning (ML), to learn from data and 

make predictions3. The rightful implementation of AI/ML techniques within ethical boundaries has the potential 
to revolutionize the ways researchers can manage the high dimensionality and heterogeneity of multimodal 
data4. Precision medicine aims to provide personalized treatment and promote multimodal data analysis using 
innovative AI/ML approaches to understand disease mechanisms and discover significant digital biomarkers 
and risk factors, which could be used to prevent and predict complex diseases5.

Scientific Reports presents the Collection “Artificial intelligence and precision medicine”, featuring original 
research spanning a broad range of topics across diagnosis, prognosis, and therapy. In this Collection, publications 
include molecular, pathological, or digital biomarker validation, personalized drug screening, algorithm 
development for biomedical big data processing and healthcare data management, AI assisted decision-making 
and risk factors prediction.

Herein, we highlight some noteworthy and impactful AI/ML techniques reported by this Collection, 
including those applied heterogeneous data for the investigation and prediction of atrial fibrillation (AF) risk, 
pregnancy and coronary heart disease, ischemic stroke, infection, diabetic retinopathy, blood glucose prediction 
in type 1 diabetes, interstitial glucose, acute pancreatitis severity, relapse, and skin cancer detection.

In, “Incidence and severity of aortic stenosis according to machine learning predicted risk of atrial 
fibrillation”, Younis et al., investigated Future Innovations in Novel Detection for Atrial Fibrillation to predict 
incident aortic stenosis (AS)6. They analyzed more than 400,000 primary care electronic health records of AS 
patients to examine the risk score and AS severity and incidence. Furthermore, authors reported significant risk 
associated with increasing echocardiographic parameters of AS severity.

In, “An infection prediction model developed from inpatient data can predict out-of-hospital COVID-19 
infections from wearable data when controlled for dataset shift”, Feng et al., focused on monitoring infections 
in unconstrained and real-world environments using hospital and wearable datasets7. They developed an 
infection prediction model can be helpful in detecting early signs of COVID-19 infection from wearable 
physiological monitoring.

In, “Automated deep U-Net model for ischemic stroke lesion segmentation in the sub-acute phase”, Ruthra 
& Bevi, proposed a multi-path residual U-Net architecture for sub-acute ischemic stroke lesion segmentation 
in fluid-attenuated inversion recovery magnetic resonance imaging by addressing noteworthy limitations that 
delay clinical translation8. While the dataset used was based on a relatively small sample size (n = 28), they were 
able to address the limitations of slice-level validation and provided a more reliable and generalizable result.

In, “Integrating non-linear radon transformation for diabetic retinopathy grading”, Mohsen et al., 
proposed a multi-representation deep learning approach to integrate RadEx-based sinogram images with 
original fundus images for diabetic retinopathy detection and severity grading9. Authors utilized two distinct 
datasets (APTOS-2019 and DDR) in this study and concluded that by capturing complex non-linear patterns 
and distributing retinal lesions, the RadEx-sinogram could provide valuable discriminative information.

In, “Personalized blood glucose prediction in type 1 diabetes using meta-learning with bidirectional 
long short-term memory-transformer hybrid model”, Moon et al., introduced Bidirectional LSTM-
Transformer with Model-Agnostic Meta-Learning, a hybrid model for personalized blood glucose prediction 
in T1D patients10. They analyzed OhioT1DM 2018 dataset and presented nuanced and important findings with 
transparent interpretations. Their approach showed better average predictive accuracy over recognized models 
and highlighted significant performance variability across different individuals.

In, “Digital biomarkers for interstitial glucose prediction in healthy individuals using wearables and 
machine learning”, Huang et al., aimed to identify non-invasive sensor modalities for predicting interstitial 
glucose (IG) values in real-time without relying on time-consuming self-records. Authors utilized Big-ideas-
glycemic-wearable dataset and reported that skin temperature, body temperature, blood volume pulse, 
electrodermal activity, and heart rate had significant correlations with IG alterations11. However, these 
correlations were complex and nonlinear, suggesting that a single modality could not capture glucose responses 
accurately, at present.

In, “Constructing a prediction model for acute pancreatitis severity based on liquid neural network”, Cao 
et al., mainly focused on developing liquid neural network model to predict severity in Acute pancreatitis (AP)12. 
Authors created a dataset of 732 AP patients, which they analyzed to identify significant features and validated 
the model’s potential for clinical prediction of AP severity.

In, “Relapse prediction using wearable data through convolutional autoencoders and clustering for 
patients with psychotic disorders”, Yan et al., applied an unsupervised anomaly-detection method to analyse 
abnormal patterns from only physiological signals for personalized relapse prediction, including users’ linear 
and angular accelerations, heart rate and RR (R-peak-to-R-peak) intervals, sleep, and steps13. By comparing data 
obtained from sleep and awake time, authors discovered that behavioural patterns related to relapse were more 
distinguishable during sleep for most patients, and highlighted anomalies can be detected and predicted using 
data collected during sleep periods.

In, “Prediction of high-risk pregnancy based on machine learning algorithms”, Pi et al., implemented 
a multilayer perceptron model along with logistic regression, decision tree, random forest, eXtreme Gradient 
Boosting, and support vector machine to predict high-risk pregnancy using maternal health risk dataset of 
pregnant women (n = 1014)14. The reported accuracy for pregnancy risk prediction was 91%.

In, “Impact of fine-tuning parameters of convolutional neural network for skin cancer detection”, Unnisa 
et al., presented an example of how parameter variations could impact performance outcomes pf convolutional 
neural network models, and identified optimal values to achieve a notable accuracy in skin cancer detection15.
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The potential implications of this important Collection will contribute to accelerating our progress in 
discovering novel biomarkers and predicting complex diseases in diverse populations. Furthermore, it will 
support researchers and clinicians with variable backgrounds in understanding the role and impact of AI/ML 
approaches to provide personalized treatments. Notably, many of studies in this Collection have shared their 
code, which we believe will support transparency, reproducibility, and long-term progress in the field.
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