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Purpose: To propose a dynamic feature-enhanced TabTransformer framework that providing a more effective and accurate tool for predicting Contrast-Induced Nephropathy (CIN).



Methods: This study proposes CIN-RiskNet, a dynamic feature-enhanced TabTransformer model integrated with a hybrid SMOTE-Noise augmentation strategy. The approach includes adaptive feature gating to suppress noise, synthetic minority oversampling to address class imbalance, and multi-head self-attention to capture complex feature interactions. The model was trained and evaluated under a leakage-free stratified five-fold cross-validation protocol, where SMOTE and Gaussian noise were applied only to the training split within each fold trained on a clinical dataset from Tianjin University Chest Hospital that including a total of 1,679 patients who underwent percutaneous coronary intervention for coronary heart disease.



Results: Under leakage-free five-fold evaluation, CIN-RiskNet achieved strong performance with an accuracy of 95.40%, a recall of 95.40%, and an F1-score of 95.42%. It attained the highest F1-score and recall among all evaluated configurations. It outperformed not only traditional machine learning models including XGBoost, Random Forest, and Support Vector Machine, but also the Mehran risk score, a widely used clinical scoring system for CIN prediction. Ablation studies confirmed the contributions of each module, demonstrating improved robustness and generalization.



Conclusion: The proposed model effectively addresses key challenges in CIN prediction, including class imbalance and feature noise, through an integrated deep learning framework. It shows promising potential as a decision-support tool, while external multicenter validation remains necessary before broad clinical deployment.



KEYWORDS
contrast-induced nephropathy, coronary heart disease, deep learning, percutaneous coronary intervention, self-attention, transformer





1 Introduction

Contrast-induced nephropathy (CIN) has emerged as a critical complication following invasive cardiovascular procedures, such as percutaneous coronary intervention (PCI), driven by the increasing global use of iodinated contrast media (CM) (1). CIN is defined as a significant increase in serum creatinine levels within 48 to 72 h after exposure to contrast media, representing a reversible yet dangerous form of acute renal failure (2). Studies have shown that patients who develop CIN after PCI have a significantly increased risk of adverse cardiovascular events, regardless of whether their renal function ultimately recovers. Especially among high-risk groups such as those with diabetes, the incidence rate of CIN can reach up to 50% (3). Currently, there is no effective treatment available, making early screening and prevention the only clinically effective strategy (4).

Risk prediction for CIN has long been a focal point of clinical research. Early methods for predicting CIN primarily relied on statistical models. For instance, Mehran identified eight independent risk factors using multiple regression and developed a CIN risk score (5). Simultaneously, with the continuous advancement of machine learning, methods such as random forests and ensemble models have been gradually introduced to enhance prediction accuracy (6–9). However, these methods are highly dependent on manual feature engineering, struggle to capture nonlinear relationships, and are highly sensitive to class imbalance issues.

Current research can effectively assist doctors in predicting the occurrence of CIN, but these methods still face two persistent challenges: Firstly, clinical datasets are filled with a large number of feature attributes and noise, requiring manual feature selection, which introduces a significant amount of subjective bias (10); Secondly, severe class imbalance leads to models favoring majority class predictions, thereby increasing the risk of missed diagnoses.

To address the issues, we propose CIN-RiskNet, a dynamic feature-enhanced TabTransformer framework. This model integrates the SMOTE-Noise enhancement strategy, which balances class distribution while simulating clinical measurement errors, and a dynamic feature gating mechanism that can adaptively suppress redundant information. The experimental results on the dataset from the Department of Cardiology at Tianjin University Chest Hospital demonstrate that CIN-RiskNet significantly outperforms traditional models in multiple evaluation metrics, including accuracy, precision, and recall, providing a more effective and accurate tool for predicting CIN.



2 Materials and methods


2.1 Clinical characterization of dataset


2.1.1 Patients

To evaluate the performance of our proposed method, we utilized Tianjin University Chest Hospital Cardiology Department Dataset. This study consecutively enrolled patients who underwent PCI from 2023.04 to 2025.04. We conducted this study in accordance with the Declaration of Helsinki. Ethics approval was obtained from the Ethics Committee of Tianjin Chest Hospital (2021YS-031-01). All patients signed informed consent.



2.1.2 Inclusion and exclusion criteria

Patients were eligible if they were 18 years of age or older, met the diagnostic criteria for coronary heart disease and subsequently undergo elective PCI. Exclusion criteria included: (1) acute renal failure or estimated Glomerular Filtration Rate (eGFR) < 30 mL/min/1.73 m2; (2) Severe heart failure [left ventricular ejection fraction (LVEF)] < 30% or B-type natriuretic peptide (BNP) > 5,000 ng/L) or cardiogenic shock; (3) Perform emergency PCI; (4) Have used contrast medium or are allergic to contrast medium within the past 7 days; (5) Primary kidney disease, long-term dialysis, or undergoing renal replacement therapy within 24 h after admission; (6) Severe liver and lung failure; (7) Abnormal coagulation function; (8) Infectious diseases; (9) Malignant tumor; (10) Death within 48 h of admission or hospital stay less than 48 h.



2.1.3 Primary endpoint definition

The primary endpoint was occurrence of CIN, defined as a rise in serum creatinine (Scr) ≥ 44.2 μmol/L or ≥ 25% above baseline within 72 h after contrast medium administration (2). Baseline Scr was defined as the first serum creatinine value obtained within 24 h of hospital admission, before major surgery or specific nephrotoxic interventions, representing the initial renal function at admission. Postoperative Scr measurements were standardized across all included patients at 48 h and 72 h after the procedure. Sample collection and testing followed a uniform protocol. Cases with non-standard or missing key postoperative Scr time points were excluded to ensure temporal consistency and data reliability.



2.1.4 Statistical analysis

Continuous variables were analyzed using Student's t-test and non-parametric tests, with outcomes presented as mean ± standard deviation (SD) or median and interquartile range, respectively. Categorical variables were assessed via Chi-square test and Fisher's exact test, and results were expressed as counts and percentages. All statistical analyses were performed using SPSS software (version 25.0; SPSS Inc., New York, USA).



2.1.5 Dataset

Finally, a total of 1,679 patients who underwent PCI for coronary heart disease were finally included, among whom 103 were patients with CIN (Figure 1). The clinical baseline characteristics of the patients are presented in Table 1, a summary of its characteristics is provided in Table 2. We performed temporal feature governance and leakage prevention. To prevent outcome leakage, we predefined PCI/contrast administration as the prediction index time. Only variables available before or at this index time were eligible as model inputs. Post-procedural laboratory values, creatinine-change variables, and any endpoint-derived features were strictly excluded from model training, hyperparameter tuning, and SHAP interpretation. As shown in Table 3, only variables available before or at the index time were eligible as model inputs; hydration volume and all post-procedural creatinine-derived variables were excluded to prevent outcome leakage.


[image: Flowchart showing patient eligibility evaluation from 2,150 cases, with 471 excluded for reasons including renal failure, heart failure, incomplete data, and others; 1,679 final cases split into 103 CIN and 1,576 non-CIN groups, each used for model training and analysis.]
FIGURE 1
Flow diagram. CIN, contrast-induced nephropathy; eGFR, estimated glomerular filtration rate; IABP, intra-aortic balloon pump; LVEF, left ventricular ejection fraction; PCI, percutaneous coronary intervention.




TABLE 1 Characteristics of the patients at baseline.



	Variables
	CIN group(n = 103)
	non-CIN group(n = 1,576)
	P value





	Age (years)
	67.7 ± 6.6
	66.4 ± 7.3
	0.189



	Male (%)
	69 (67.0)
	867 (55.0)
	0.021



	BMI (kg/m2)
	24.2 ± 3.3
	24.7 ± 2.7
	0.062



	Mean LVEF
	51.1 ± 7.2
	53.3 ± 5.0
	0.015



	LVEF < 45% (%)
	19 (18.6)
	142 (9.0)
	0.010



	Hemoglobin (g/L)
	122.6 ± 17.4
	124.1 ± 19.3
	0.489



	Medical history (%)


	Prior PCI
	16 (15.5)
	205 (13.0)
	0.397



	Prior MI
	13 (12.6)
	161 (10.2)
	0.285



	Prior CHF
	15 (14.6)
	189 (12.0)
	0.312



	Hypertension
	43 (41.7)
	600 (38.1)
	0.458



	Hyperlipidaemia
	49 (47.6)
	683 (43.3)
	0.369



	Atrial fibrillation
	5 (4.9)
	32 (2.0)
	0.064



	Smoking
	27 (26.2)
	362 (23.0)
	0.413



	Medications (%)


	Aspirin
	103 (100)
	1,576 (100)
	1



	Clopidogrel
	103 (100)
	1,576 (100)
	1



	β-blockers
	75 (72.8)
	1,080 (68.5)
	0.326



	ACEI/ARB
	63 (61.2)
	1,066 (67.6)
	0.189



	Statins
	98 (95.1)
	1,538 (97.6)
	0.157



	Diuretics
	28 (27.2)
	378 (24.0)
	0.402



	Iopromide injection
	103 (100)
	1,576 (100)
	1



	Surgical indication (%)


	SAP
	76 (73.8)
	1,066 (67.6)
	0.386



	ACS
	27 (26.2)
	510 (32.4)
	0.192



	Volume of contrast


	<100 mL
	15 (14.6)
	477 (30.3)
	0.001



	100−199 mL
	61 (59.2)
	760 (48.2)
	0.018



	≥200mL
	27 (26.2)
	339 (21.5)
	0.156



	Scr (μmol/L)


	Baseline
	76.2 ± 11.6
	69.7 ± 13.4
	0.001



	Multivessel PCI (n ⩾2) (%)
	43 (41.7)
	550 (34.9)
	0.047




	ACS, acute coronary syndrome; ACEI, angiotensin-converting enzyme inhibitor; ARB, angiotensin receptor blocker; BMI, body mass index; CHF, congestive heart failure; LVEF, left ventricular ejection fraction; MI, myocardial infarction; PCI, percotaneous coronary intervention; SAP, stable angina pectoris, Scr, serum creatinine.









TABLE 2 Key variables of the Tianjin University Chest Hospital cardiology department dataset.



	ID
	Diabetes
	ACEI
	hs-CRP (mg/L)
	Contrast dose (mL)
	CIN





	S01
	0
	1
	0.45
	150
	0



	S02
	0
	1
	0.89
	150
	0



	S03
	1
	1
	0.24
	50
	1



	S04
	0
	1
	0.18
	160
	0



	S05
	1
	1
	0.33
	220
	0



	S06
	0
	1
	0.35
	220
	0




	Diabetes (presence: 1 = yes, 0 = no), ACEI (angiotensin-converting enzyme inhibitor use: 1 = yes, 0 = no), hs-CRP (high-sensitivity C-reactive protein, mg/L), contrast dose (volume of iodinated contrast media administered, mL), and CIN (contrast-induced nephropathy diagnosis: 1 = positive, 0 = negative).









TABLE 3 Final candidate variables, acquisition timing, and leakage-control policy for CIN-riskNet.



	Variable
	Unit/coding
	Acquisition timing





	Sex
	0 = female, 1 = male
	Pre-PCI



	Age
	years
	Pre-PCI



	Height
	cm
	Pre-PCI



	Weight
	kg
	Pre-PCI



	BMI
	kg/m2
	Pre-PCI



	Diabetes mellitus
	0 = no, 1 = yes
	Pre-PCI



	Prior MI
	0 = no, 1 = yes
	Pre-PCI



	LVEF
	%
	Pre-PCI



	ACEI/ARB use
	0 = no, 1 = yes
	Pre-PCI



	Diuretic use
	0 = no, 1 = yes
	Pre-PCI



	CCB use
	0 = no, 1 = yes
	Pre-PCI



	Compound Danshen dripping pills use
	0 = no, 1 = yes
	Pre-PCI



	Triglycerides
	mmol/L
	Pre-PCI



	Total cholesterol
	mmol/L
	Pre-PCI



	HDL-C
	mmol/L
	Pre-PCI



	LDL-C
	mmol/L
	Pre-PCI



	β2-microglobulin
	(as recorded)
	Pre-PCI



	ALT
	U/L
	Pre-PCI



	hsCRP
	mg/L
	Pre-PCI



	Contrast volume
	mL
	Intra-procedural



	Preoperative Scr
	μmol/L
	Pre-PCI



	Preoperative BUN
	mmol/L
	Pre-PCI



	Preoperative eGFR
	mL/min/1.73m2
	Pre-PCI




	ACEI, angiotensin-converting enzyme inhibitor; ARB, angiotensin receptor blocker; ALT, alanine aminotransferase; BMI, body mass index; BUN, blood urea nitrogen; CCB, calcium channel blocker; CHF, congestive heart failure; eGFR, estimated glomerular filtration rate; hsCRP, high-sensitivity C-reactive protein; LVEF, left ventricular ejection fraction; MI, myocardial infarction; PCI, percotaneous coronary intervention; Scr, serum creatinine.










2.2 Proposed method

This study proposes the CIN-RiskNet designed for clinical tabular data. The core innovation lies in the integration of a dynamic feature gating mechanism with a TabTransformer encoder, enabling adaptive interaction modeling of multidimensional clinical features. This design addresses common challenges in medical data analysis, including noise sensitivity, class imbalance, and complex feature dependencies. The overall framework is illustrated in Figure 2.


[image: Diagram illustrating a machine learning workflow for patient data, including three main sections: A) Database construction using physiological and biochemical indicators, B) Data augmentation with SMOTE and noise enhancement, and C) Data classification using a transformer encoder and feature selection processes, resulting in positive or negative outputs.]
FIGURE 2
Overview of workflow. (A) Acquisition of multidimensional physiological and biochemical indicators from patient records. (B) Hybrid SMOTE-Noise data augmentation module: applying Synthetic Minority Oversampling Technique (SMOTE) to mitigate class imbalance and injecting calibrated noise to simulate clinical measurement variability, enhancing robustness. (C) Core predictive architecture: Gated feature selection dynamically filters informative features; a Transformer encoder with multi-head self-attention captures complex feature interactions; and a Multi-Layer Perceptron (MLP) head generates the final CIN risk prediction.


Prior to feeding data into the model, we employed a SMOTE-Noise hybrid augmentation strategy to mitigate the effects of small sample size, high noise levels, and class imbalance inherent in clinical datasets. Specifically, SMOTE oversampling was first applied to the CIN-positive samples to generate synthetic instances and balance the positive/negative class ratio. To further prevent overfitting, Gaussian noise was randomly injected into both the synthetic and original samples.

The augmented dataset was then passed through the gating unit. Given that clinical data often contain a large number of low-informative or noisy features, traditional static feature selection approaches fail to adapt to patient-specific feature distributions. To address this, we adopted a gating mechanism for dynamic feature selection and representation learning. The gating unit assigns adaptive weights to input features, allowing the model to focus on clinically relevant variables while suppressing noise and redundancy.

The output of the gating unit was subsequently fed into an embedding layer to obtain higher-dimensional representations, which were then passed into the TabTransformer encoder. Each of the 23 clinical variables was treated as an individual feature token. The input was represented as (batch,23,d), and self-attention was performed across feature tokens to model inter-feature dependencies. After processing through the encoder, the output was reduced in dimension to match the original feature space, followed by a multilayer perceptron (MLP)classifier that generated the final prediction. The whole architecture and workflow of the CIN-RiskNet framework is shown in Figure 3. The mathematical formulations of the proposed method are detailed in Equations 1–19.


[image: Flowchart diagram illustrating a machine learning pipeline for patient data classification, starting with a table of physiological and biochemical indicators, processing through SMOTE and Gaussian noise augmentation, feature gating, transformer encoder, and ending with a two-unit sigmoid output for negative or positive classification.]
FIGURE 3
Architecture and workflow of the CIN-riskNet framework. Input layer: Tabular data of n patients structured as a n × 23 matrix of clinical measurements with corresponding binary labels. Processing pipeline: ① Hybrid Data Augmentation: SMOTE: Synthetic minority oversampling to balance class distribution. Gaussian Noise Injection: Simulates clinical measurement errors through feature-wise noise perturbation. ② Gated Feature Selection: Learns adaptive weights to suppress redundant/noisy features. ③ Transformer Encoder: Multi-head self-attention captures cross-feature interactions. Layer Normalization (Norm) stabilizes training. Multilayer Perceptron (MLP) refines representations. ④ Classification Head: Sigmoid-activated MLP outputting CIN risk probability. Output: Binary classification output: Negative (CIN risk <0.5)/Positive (CIN risk ≥0.5).




2.3 SMOTE-noise hybrid augmentation strategy

Given the inherent class imbalance in medical datasets, resampling techniques can be employed to balance class distributions. One such method is undersampling, which creates a new dataset by removing samples from the majority class (11). Conversely, oversampling increases the number of minority class instances to approximate the size of the majority class, thereby generating a more balanced dataset. Since medical datasets typically suffer from both class imbalance and limited overall sample size, oversampling is generally more appropriate.

Synthetic Minority Oversampling Technique (SMOTE) (12) is a widely used and effective oversampling method that generates synthetic minority class samples by interpolating between existing instances and their nearest neighbors. Compared to undersampling, SMOTE often yields better model performance and is considered one of the most prevalent oversampling strategies across domains (13), including widespread use in medical data applications (14, 15).

In this study, SMOTE is applied to generate synthetic samples for the minority class—CIN-positive cases. The algorithm flow is illustrated in Figure 4. For each minority sample, SMOTE identifies its K nearest neighbors in the feature space, with K set to 3 in this study. Euclidean distance is used to measure the similarity between data points. After identifying the neighbors, SMOTE randomly selects one of them and computes the difference between the feature vectors of the minority sample and the selected neighbor. This difference is then multiplied by a random number between 0 and 1 and added to the feature vector of the minority sample, thereby generating a new synthetic sample. These synthetic samples lie along the line segments connecting the minority sample to its neighbors. This process is repeated until the desired level of class balance is achieved.


[image: Diagram illustrating the SMOTE oversampling process for imbalanced classification: (a) identifies nearest neighbor nodes among minority class yellow triangles; (b) generates synthetic samples as outlined triangles between neighbors; (c) repeats the process until the data is balanced with blue circles representing the majority class. Key depicts blue circles as majority class, filled yellow triangles as minority class, and outlined yellow triangles as synthetic samples.]
FIGURE 4
SMOTE algorithm flow diagram. (a) Neighbor Selection: For each CIN-positive patient xi, identify k = 3 nearest neighbors based on Euclidean distance. (b) Synthetic Generation: Randomly interpolate between xi and neighbor xj to create new samples xnew. (c) Output: Augmented training set with balanced class distribution.


The number of synthetic samples generated via SMOTE is controlled by the imbalance ratio between the majority and minority classes. The oversampling ratio is defined as follows:



N=Size(xmaj)-Size(xmin)Size(xmin)×100%(1)







Size(xsynmin))=Size(xmin)×N(2)





where Size(xmaj) and Size(xmin) represent the sample sizes of the majority and minority classes, respectively. Based on the calculated oversampling ratio N, SMOTE determines the number of synthetic samples to generate Size(xsynmin).

These samples are created by linear interpolation between a minority instance Xi and one of its nearest neighbors Xj, as shown below:



Xsyn=Xi+λ(Xj-Xi),λ∼U(0,1)(3)





Here, Xi is a minority-class sample, Xj is one of its nearest neighbors, λ is a random interpolation coefficient drawn from a uniform distribution U(0,1), and Xsyn is the generated synthetic sample.

However, when the class imbalance is extreme, the large volume of synthetic samples may lead to high redundancy and overfitting. Additionally, such interpolated samples can be overly idealized and may not accurately reflect real-world variability. To address these limitations and simulate the measurement errors and data noise commonly observed in clinical scenarios, this study introduces a Gaussian noise-based hybrid augmentation strategy following SMOTE. The formula is as follows:



X′=X+ϵ⋅N(0,I),ϵ=0.01(4)





Here, X denotes the original or synthetic feature vector, N(0,I) is multivariate Gaussian noise with zero mean and identity covariance matrix, and ϵ is a noise scaling factor that controls the degree of perturbation. The augmented data are subsequently fed into the feature gating unit for downstream processing.



2.4 Feature gating mechanism

The concept of gated units originated with the Long Short-Term Memory (LSTM) network (16), which uses a forget gate, an input gate, and an output gate to control information flow, allowing the network to selectively retain long-term information or discard irrelevant data, thereby addressing the vanishing and exploding gradient problems of traditional recurrent neural network. Building on LSTM, Chung et al. introduced the Gated Recurrent Unit (GRU) (17) in 2014, which simplifies the gating structure by merging LSTM's three gates into two (reset gate and update gate) and eliminating the cell state in favor of relying solely on the hidden state for information propagation. Gating mechanisms have been widely applied in domains such as speech recognition (18) and image processing (19), and have also been reported in medical applications (20). It serves as a dynamic feature selection technique, designed to apply learnable weight matrices to adaptively emphasize informative features and suppress noisy or redundant ones. Clinical tabular data typically contain numerous low-informative features and significant noise. Traditional static feature selection approaches, which rely on manual screening or fixed weighting schemes, often fail to adapt to the heterogeneous feature distributions across different patients. To address this issue, we incorporate a dynamic feature gating module based on a trainable gating weight matrix. After the original input undergoes SMOTE-Noise augmentation, the enhanced data are passed into the gating unit, computed as follows:



G=σ(WgX+bg)(5)







X′=X⊙G(6)





Here, σ denotes the sigmoid activation function， X represents the input feature vector, Wg∈Rd×d and bg∈Rd are trainable parameters, and ⊙ indicates element-wise multiplication. This mechanism generates a feature importance score for each input dimension via linear transformation followed by a non-linear gating operation. The resulting weighted feature representation X′ is obtained by element-wise multiplication of the original input with the learned gate vector. All gating parameters are optimized through backpropagation, enabling the model to learn a task-specific feature selection strategy in an end-to-end manner.

Through this mechanism, the model automatically enhances features that are critical for CIN prediction while suppressing irrelevant or noisy dimensions. The dimensionality of the output from the gating unit remains the same as the input and is subsequently fed into the embedding layer.

In this study, each sample in the Tianjin University Chest Hospital Cardiology Department Dataset contains 23 clinical features. The input batch size is set to 32, and after processing through a DataLoader, each input batch is represented as a tensor of shape Xin∈R32×23.The embedding layer transforms this input from a 23-dimensional space to a 64-dimensional space, using the following operation:



Xembed=Xgate⋅We+be(7)





Here Xembed∈R32×64. We and be are the trainable weight matrix and bias vector, respectively. The embedded feature representation is then forwarded to the TabTransformer encoder for further modeling.



2.5 Training and testing strategy

The Transformer network, initially proposed by Vaswani et al. for machine translation, introduced the groundbreaking self-attention mechanism, which dynamically calculates the pairwise dependencies between elements in a sequence, granting the model strong global contextual awareness. While the Transformer has achieved state-of-the-art results in fields such as image recognition and natural language processing, it has shown limitations in handling tabular data when compared to conventional machine learning models (21, 22). TabTransformer addresses these limitations through targeted modifications for structured tabular data. Unlike the standard Transformer, TabTransformer introduces the following key adaptations: (1) Removal of positional encoding: Tabular features are typically unordered and do not follow a natural sequential structure. (2) Feature-wise embedding: Each column (feature) is individually mapped to a dense vector to capture semantic relationships between features. (3) Context-aware attention: Self-attention models nonlinear inter-feature dependencies, replacing the need for manually designed feature crosses.

In this study, we adopt only the encoder module of the TabTransformer for the CIN classification task, as it effectively captures global inter-feature interactions without requiring a decoder. The encoder consists of multi-head self-attention (MSA) and a feed-forward network (FFN). MSA splits the input feature space into multiple subspaces (attention heads), with each head learning a distinct interaction pattern. Self-attention operates by computing similarity scores between query (Q) and key (K) pairs and applying these weights to the value (V) representations. The computation is defined as:



MultiHead(Q,K,V)=Concat(head1,ldots,headh)WO(8)







headi=Softmax(QWiQ(KWiK)Tdk)VWiV(9)





Here, Q,K,V are projections of the input, and WiQ,WiK,WiV∈Rn×d are the learned projection matrices for the i-th attention head. WO∈Rhdv×d projects the concatenated output back to the desired dimension. The number of heads h is set to 8, and the feature dimension d=64 with a scaling factor dk to stabilize gradients.

Although tabular data lack a natural sequence structure, TabTransformer requires a sequence dimension in its input. In the revised TabTransformer design, each of the 23 clinical variables is treated as an individual feature token rather than collapsing all variables into a single token, and then reshaping the input tensor as Xunsqueezed∈R32×23×64.

The encoder is composed of L=2 identical layers, each containing an MSA sub-layer and an FFN sub-layer. Every sub-layer is followed by residual connections and layer normalization, as defined by:



Si′=MSA(Si-1)+Si-1(10)







Si′=LayerNorm(Si′)(11)







Si=FFN(Si′)+Si′(12)







Si=LayerNorm(Si)(13)





Each FFN module comprises two linear layers with a ReLU activation between them. The hidden dimension is expanded to four times the original size and then projected back to the original dimension:



FFN(X)=W2⋅ReLU(W1⋅X+b1)+b2(14)





Where W1∈R64×256,W2∈R256×64.

The output of the final encoder layer is flattened (removing the dummy sequence dimension) and passed into a single-layer fully connected classification head, transforming the 64-dimensional embedding into a 2-dimensional class probability vector:



y^=Softmax(Xsqueezed⋅Wc+bc)(15)





Where y^∈R32×2, and Xsqueezed∈R32×64. The unsqueeze and squeeze operations are purely for tensor reshaping, and do not alter the content of the data—only its shape, to match the model's interface requirements.



2.6 Model training and evaluation protocol

This study employs five-fold cross-validation, where the entire patient dataset is randomly divided into five mutually exclusive subsets. In each iteration, one subset is selected as an independent test set, while the remaining four are combined to form the training set. Importantly, in each fold, SMOTE and Gaussian noise were applied strictly to the training subset only, while validation and test subsets were kept untouched to prevent synthetic-sample leakage. This process is repeated five times to ensure that every data instance is used for testing. In each experiment, the training and validation sets are strictly non-overlapping, ensuring that the validation results reflect the model's generalization performance on unseen data. Furthermore, validation based on five distinct data splits mitigates potential biases arising from chance-based data partitioning, thereby enhancing the reliability of experimental conclusions. Within the training set, 20% of the samples are further separated as a validation set, and the remaining 80% are used for model training to prevent information leakage.

The model is trained for 75 epochs with a batch size of 32, using the Adam optimizer (initial learning rate of 0.001 and weight decay of 1 × 10⁻⁵), minimizing the cross-entropy loss. Our model is implemented in Python 3.9 and Torch 2.5, and is configured to run on a GeForce RTX 2080 Ti GPU.



2.7 Comparison with clinical scoring

Mehran score is a widely used clinical risk stratification tool for CIN prediction. However, several variables required by the original Mehran score (e.g., hypotension, intra-aortic balloon pump use, congestive heart failure) were not routinely documented in our structured electronic health records, a common limitation in retrospective studies. We therefore constructed a modified Mehran-like comparator using available variables (age, diabetes, contrast volume, baseline Scr/eGFR) to provide a pragmatic local benchmark.

We emphasize that this comparison is intended solely as a supplementary clinical reference, not as a primary evaluation metric. Our principal comparative assessment relies on multiple machine learning baselines (LOG, RF, XGBoost, SVM, MLP) trained under identical data partitions and preprocessing pipelines (Table 4), where CIN-RiskNet demonstrated consistent superiority. The modified Mehran comparator is included to contextualize model performance within our institutional data environment, acknowledging that structured datasets often lack variables required by established risk scores.



TABLE 4 Comparison of the performance of the models on the test set.



	Model
	Accuracy
	Precision
	Recall
	F1-score





	LOG
	0.7167
	0.1337
	0.6417
	0.2213



	RF
	0.9621
	1.0000
	0.3992
	0.5706



	XGBoost
	0.9588
	0.9156
	0.3992
	0.5560



	SVM
	0.9483
	0.7889
	0.2533
	0.3835



	MLP
	0.9443
	0.5667
	0.1275
	0.2082



	Our method
	0.9540
	0.9545
	0.9540
	0.9542




	LOG, logistic regression; RF, random forest; SVM, support vector machine; MLP, multilayer perceptron. Metrics range: [0,1] (higher values indicate better performance).










3 Results

To evaluate the performance of the proposed method, we conducted a quantitative analysis using commonly used evaluation metrics:
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